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Abstract
This dissertation is a collection of three essays exploring the impact of incentives on partic-
ipation in public education and health programs. The first two essays analyze the demand
for Special Education (a program for disabled children) in the U.S., while the third essay
explores the demand for subsidized anti-malaria products in Kenya.
The first chapter attempts to estimate the direct impact of Special Education (SE) place-
ment on students' social and academic outcomes. Despite the fact that one out of every
seven U.S. public school students receives SE services, little is known about the impact of
this program on future outcomes. I exploit the strategic incentive to increase SE enrollment
induced by a 1996 accountability policy in Chicago Public Schools to identify the impact of
SE placement on high school completion, absenteeism and GPA. Pre-accountability perfor-
mance characteristics of the school determined to what extent sanctions could be avoided by
increasing SE placement, since SE students' scores were excluded from accountability mea-
sures. I construct an instrument that captures the strength of strategic incentives, and show
that low-achieving students in high-incentive schools experienced the largest increase in SE
placement. Using instrumental variables analysis and a panel of student data from Chicago
Public Schools, I find that SE placement in elementary school reduces the probability of
dropping out of high school and absenteeism for the marginal low-achieving student, while
results on GPA are inconclusive. I provide evidence that these results are not driven by
other changes taking place at high-incentive schools. The results suggest that low-achieving
students benefit from SE placement for mild mental disabilities.
While the first chapter explores school-level incentives to increase SE enrollment, the sec-
ond chapter analyzes the impact of financial incentives on parental demand for SE placement.
A number of studies have shown the importance of school-based incentives on the supply of
SE services made available to students. However, the extent to which parental demand for
SE services responds to incentives, and how much of the variation in SE enrollment can be
explained by these incentives, is unknown. The 1990 Supreme Court Zebley decision led to a
substantial widening of child eligibility criteria for SSI. I use this legislative change, in combi-
nation with cross-state variation in the financial gain to enrolling in SSI, as an instrument for
child SSI enrollment. This estimation strategy allows me to isolate the direct impact of shifts
in SSI benefit supply on SE enrollment. I find that the financial incentives brought on by the
Zebley decision led to a 15 percent increase in SE enrollment. I also estimate that a modest
1.5 percent of the cross-state variation in SE enrollment can be explained by differences in
financial incentives to enroll in SSI. These results suggest that parents respond to incentives
to have their child screened for a disability and placed in SE.
The third chapter in this series of essays is joint with Pascaline Dupas and explores how
variation in the level of subsidy of health goods impacts the ability of public health campaigns
to target vulnerable populations. It is widely believed that cost-sharing-charging a subsidized,
positive price-for a health product is necessary to avoid wasting resources on those who will
not use the product. We explore this argument in the context of a field experiment in
Kenya, in which we randomized the price at which pregnant women could buy anti-malarial
insecticide-treated nets (ITNs) at prenatal clinics. We find no evidence that cost-sharing
reduces wastage on those that will not use the good: women who received free nets are not
less likely to use them than those who paid subsidized positive prices. Cost-sharing does,
however, considerably dampen demand. We find that uptake drops by 75 percent when the
price of ITNs increases from zero to 75 cents, the price at which ITNs are currently social-
marketed. When the price is between 15 and 30 cents, we observe that pregnant women
who purchase an ITN are, on average, in poorer health than those who receive a free ITN.
However, in absolute terms, the number of sick women getting access to an ITN at these
prices is roughly the same as under free distribution, and the number of sick women getting
access to an ITN at the current cost-sharing price is at least 47 percent lower than under
free distribution. We use these estimates in a cost-effectiveness analysis of ITN prices on
infant mortality that incorporates both private and social returns of ITN usage. Overall,
given the large positive externality associated with widespread usage of insecticide-treated
nets, our results suggest that free distribution is both more effective and more cost-effective
than cost-sharing.
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Chapter 1
Causes and Consequences of Special
Education Placement: Evidence
from Chicago Public Schools
1.1 Introduction
Nearly seven million children with disabilities currently receive Special Education (SE) ser-
vices, roughly 13.5 percent of total enrollment in public and private schools. This number
has been growing steadily since 1975 when the Education for All Handicapped Children Act
(EHCA) was passed and when only one in five children with disabilities was being educated
in the public school system (Singer and Butler 1987). 1 Figures 1.1a and 1.1b show the trend
in SE enrollment in the U.S. over the past three decades. The level of SE enrollment (Fig-
ure 1.1a), as well as its prevalence among all students (Figure 1.1b), grew rapidly after the
passage of EHCA and then steadily throughout the 1980s. SE has grown by 40 percent since
the early 1990s, largely due to the increasing diagnosis of "soft disabilities" such as mild
mental/behavioral disorders (e.g. Attention Deficit Hyperactivity Disorder) and the rising
inclusion of pre-school and kindergarten students with developmental delays. Despite the fact
that SE enrollment is so high and roughly 22 percent of total current educational spending
1The Individuals with Disabilities Act (IDEA) is the current version of the EHCA.
is dedicated to these services, there is surprisingly little solid evidence of its benefits (OSEP
2002). The net benefit of SE services is unclear. SE may improve social and academic out-
comes by providing disabled students with extra resources, attention and accommodations.
On the other hand, SE may increase the risk of negative outcomes because of negative peer
effects, lower expectations and stigma effects (Martinez 2004, Bear 1993, Meltzer 1998).
Students with disabilities experience poor social and academic outcomes at very high
rates. 2 SE students are about 30 percent more likely to drop out of high school than students
in the general population. Those who drop out are 50 percent less likely to be employed,
while those who graduate are 80 percent less likely to attend post-secondary school. How-
ever, OLS estimates of the effect of SE cannot be interpreted as causal, since SE students
come into the school system with higher risk factors for low achievement and poor social
outcomes. 3 Beyond observable background differences, students are screened for and placed
in SE precisely because they are thought to be at risk of failing and disengaging from school.
If all of the criteria for SE placement were well-defined and implemented uniformly, it would
be straightforward to estimate the impact of SE by comparing outcomes for students close
to the "disability cutoff". In fact, disability criteria are not straightforward or standardized
and identification of the impact of SE requires an instrument for SE status. Some severely
disabled students are clearly in need of SE services and some high-achieving students clearly
are not. This paper uses an instrument that predicts SE placement for the marginal, low-
achieving student, in order to measure the direct impact of SE placement on high school
outcomes.
The introduction of accountability in Chicago Public Schools (CPS) provides an excellent
opportunity to study the impact of SE placement. Jacob (2005) finds evidence that teachers
and administrators responded strategically to the policy along a number of dimensions. One
of these responses was a dramatic increase in SE enrollment, since school performance mea-
sures excluded scores for SE students. Figures 1.2a and 1.2b plot the trend in SE enrollment in
CPS over the past decade. The fraction of CPS students receiving SE increased substantially
2 The following estimates are taken from the Digest of Education Statistics (2005) and from Wagner, et al.
(2005).
'SE students are 50 percent more likely to have unemployed parents, 24 percent more likely to come
from households with less than a high school diploma and 28 percent more likely to come from single-parent
households. (Wagner, et al., 2003)
(roughly 3 percentage points) following the introduction of accountability in 1996. While the
number of students in SE grew by less than 1,000 in the three years prior to accountability
(1994-1996), it grew by nearly 10,000 students in the three years after the policy was intro-
duced. This paper exploits the abrupt change in SE enrollment to construct an instrument
for SE placement in elementary school. I use an individual-level panel dataset from CPS
administrative records (1994-2004) containing detailed background information and perfor-
mance measures. This dataset allows me to follow students throughout their school years,
observing SE placement in elementary school and subsequent high school outcomes.4
The instrument for SE status utilizes three sources of variation: First is the large tempo-
ral variation coming from the introduction of accountability. Students in elementary school
after the policy change were more likely to be placed in SE than students in previous years.
The instrument also incorporates cross-school variation in the probability of SE placement.
This second source of identification comes from differences in the strength of incentives to
increase SE enrollment across schools.5 The variation in incentives stems from performance
characteristics of the school from the year before the policy was announced, which determined
to what extent it could utilize SE enrollment to avoid disciplinary measures. I will illustrate
that the largest increases in SE placement occurred in schools with pre-accountability perfor-
mance measures putting them close to the disciplinary cutoff. The third source of variation
is in student achievement (test scores) prior to accountability. This triple-difference strategy
explores whether the increase in SE placement for students in high-incentive schools is largest
for the lowest-performing students. The use of within-school variation in prior achievement
purges all other changes occurring at high-incentive schools from the estimation, as long as
these changes were not targeted differentially across achievement levels. I will present evi-
dence that schools with strong incentives do not appear to have targeted resources toward
low-achieving students.
In addition to a plausibly exogenous source of identification for SE placement, this study
has a number of valuable features. Previous research on the impact of SE has been hindered
4Some students do get placed in SE for the first time in high school, but this is much less common than
placement in elementary school. SE placement in CPS is most common between the ages of ten and twelve.
5 All specifications include year dummies to absorb temporal variation in SE enrollment that is common
across schools, and school dummies to absorb fixed characteristics of schools correlated with SE enrollment.
not only by the endogeneity of SE placement, but also by the large amount of regional
variation in the selection process, disability criteria and SE program characteristics. Any
cross-sectional study of outcomes for SE students must try to control for many confounding
sources of variation. Further, differences in the selection process make it difficult to interpret
estimates of the impact of SE, since the characteristics of the marginal student are unclear.
The data used in this study is detailed enough to characterize the (average) marginal SE
student. Also, previous research on SE has been plagued by small sample sizes, making it
difficult to measure its impact with any precision. The analysis here focuses on one large urban
district, so it is not confounded by regional variation in funding, disability criteria, population
characteristics or program design. Since Chicago is the third largest school district in the
country, it has a sizeable number of SE students (about 36,000), all of whom are captured in
the CPS administrative data used in this paper.
I am aware of only one previous study with a large sample size that attempts to measure
the impact of SE. Hanushek, et al. (2002) use the UTD Texas Schools dataset to analyze
the impact of SE placement on math test score gains. Using an individual-level fixed effects
design, they use variation in SE entrance and exit patterns over a three year period to estimate
the impact of SE. They find that placement in SE increases growth in math scores by 0.1
standard deviations in the first year, but that this effect falls by 40 percent the following
year. The main drawback of this study is that only 30 percent of the SE sample has test
scores and these are likely the highest achieving SE students. Also, one would ideally like to
measure the impact of SE on the basis of longer term outcomes, particularly since they find
such a rapid deterioration in achievement gains.
I find that SE placement in elementary school reduces absenteeism and the probability
of dropping out of high school, but results for GPA are inconclusive and noisy. These results
are consistent with strong negative selection bias in OLS estimates. IV results are consis-
tent across a variety of specifications and do not appear to be explained by other potential
responses to the policy occurring at schools with strong incentives. The main concern is
that increased incentives induced a reallocation of resources toward low-performing students.
There are a number of reasons to believe that this type of bias is not present. First, while the
accountability policy induced schools to try to improve ITBS scores, Jacob's (2005) results
suggest that the policy did not lead to a general improvement in academic achievement. It
is thus questionable how much we would expect the increased effort and resources aimed at
improving ITBS scores to be reflected in high school outcomes. Second, if schools were to
target resources differentially by student achievement, we would expect them to invest most
in middle-achieving students since these are the students who could potentially improve a
school's standing, but I find no evidence that outcomes improved most for middle-achieving
students. Finally, if schools with strong incentives targeted resources toward low-achieving
students, these efforts should be reflected in higher scores on the test used for accountability.
However, I find that scores decreased for low-achieving students in high-incentive schools,
suggesting that the exclusion restriction is valid.
The next section discusses selection into SE and the criteria for disability classification;
it also addresses the mechanisms through which SE may be affecting outcomes. Section 1.3
discusses the accountability policy in CPS, Section 1.4 describes the data used in this study
and Section 1.5 outlines the empirical strategy used to identify the impact of SE placement
on high school outcomes. Sections 1.6 and 1.7 present first stage and reduced form results,
respectively, and Section 1.8 compares OLS and IV estimates of the impact of SE. Section
1.9 discusses the robustness and external validity of the results and Section 1.10 concludes.
1.2 Special Education Assessment and Services
1.2.1 Disability Assessment and Special Education Placement
U.S. public schools are required to provide SE services to children with disabilities varying in
severity from mild learning disabilities and speech problems to severe mental retardation and
autism. The purpose of SE is to assist students who cannot function effectively in the regular
classroom with an alternative curriculum tailored to their particular needs. The majority of
students in SE (roughly 2/3) are being treated for some form of learning disability (LD). This
discussion will focus on SE selection and services for students with LD, not only because it
is the most common form of disability and the margin along which SE is growing nationally,
but also because nearly all of the increase in SE placement that occurred in Chicago was for
LD students.
Children that are diagnosed with LD are not exclusively low-achieving. 6 In fact, one
of the criteria for the diagnosis of LD is a significant discrepancy between ability (usually
gauged with an IQ test) and achievement in a particular subject. 7 LD is not only distinct
from overall low-achievement, but students achieving very far below average are by definition
excluded from the LD classification and instead must be tested for a Mental Handicap.' In
order to qualify for SE the student must also be exhibiting difficulty functioning in school.
Students who receive the LD diagnosis are generally slow learners-most of them scoring in
the bottom quartile on reading and math tests-but it is not exclusively the very bottom
scoring students that are diagnosed with this disability.
Typically, a student comes under evaluation for SE because his parent or teacher notices
that he is struggling and requests a disability assessment.' On the basis of the child's academic
and behavioral functioning, an evaluation team (composed of teachers, administrators and
psychologists) makes recommendations for program modifications and extra assistance within
the regular curriculum. If the student continues to struggle, a full disability assessment is
conducted using a battery of achievement and aptitude tests.
SE for non-physical disabilities is unlike other public services that are provided to children
shown to meet certain objective criteria. There is quite a bit of discretion in the decision
to place a child in SE for a "soft disability" such as an emotional disturbance or LD and
the characteristics of students who are treated for these disabilities vary widely across time,
states and even across districts (Reschly, 1996; Lewit and Baker, 1996; Mercer et al., 1990).
The appropriate guidelines for classification of LD, and how to get SE personnel to implement
these guidelines consistently, have been a major topic of debate in the education literature over
the past twenty years (Algozzine and Ysseldyke 1986). Though much of the empirical research
is outdated, education researchers have found that, while many students are designated LD
6The Special Education policies and procedures discussed here are those set forth by the Illinois State Board
of Education (ISBE), but are based on national guidelines and are representative of procedures followed in
other states. The most current version of the ISBE Special Education Policies and Procedures can be found
at http://www.isbe.net/spec-ed/pdfs/policies.pdf.
7This discrepancy is, for most states, a two standard deviation difference between the student's score on
an IQ test and an achievement test.
8 A student must typically be scoring at least three standard deviations below the mean to be considered
Mentally Handicapped (MH). As with the LD criteria, achievement scores cannot be the only criteria used in
considering whether a child is MH. They must also exhibit difficulty executing age-appropriate tasks.
"Some disability screening is routine and given to all students, such as hearing and vision screening.
without meeting the criteria, significant numbers of regular education students who should
be treated for LD go undiagnosed. In their paper on LD classification in Indiana public
schools, McLeskey and Waldron (1991) administer IQ and achievement tests to a sample
of SE students and find that, even after the Board of Education clarified LD classification
criteria and initiated an aggressive information and training campaign, less than 2/3 of SE
students being treated for LD met the state guidelines. Previous to this initiative, less than
1/3 of LD students met the criteria.10 In a similar study, Shepard and Smith (1983) find
that only 43 percent of Colorado LD students were appropriately placed according to state
criteria.
The scope for discretion in the diagnosis of some disabilities has left room for strategic
considerations in SE placement. Cullen (2003) uses variation in the amount of state aid
a school district in Texas can receive by placing a child in SE to measure the impact of
fiscal incentives on disability diagnoses. She finds that a large portion of the growth in SE
placement in Texas over the 1990s can be explained by fiscal incentives. A number of studies
on strategic responses to high-stakes-testing policies find that schools increase SE placement
when these students' scores are excluded from accountability measures (Jacob, 2005; Figlio
and Getzler, 2002; Cullen, 2006).
The vague and inconsistent criteria for SE placement also exacerbate the omitted variables
bias in OLS estimates of the impact of SE. In the absence of strict and clear guidelines for
a disability diagnosis, OLS estimates may be biased by selection based on characteristics of
school personnel, parents, etc. For example, parents might switch schools to acquire or to
gain a disability diagnosis (Cullen and Rivkin, 2003), examiners may selectively administer
subtests to confirm their hypotheses (Mellard, 1985), and racial discrimination may be present
in a teacher's recommendation that a child be screened for a disability (Losen and Orfield,
2002).
'1Estimates were based on two stratified random samples (taken before and after the guidelines were clar-
ified) of roughly 800 students. The "severe discrepancy" criterion in Indiana at the time was an 18 point
(1.2 standard deviation) difference between actual and expected achievement scores, where the expectation is
determined by a regression of achievement on IQ, sex, race, etc. for all of the students in the school or district.
1.2.2 Special Education Programs
Once a child is diagnosed with a disability her evaluation team designs an Individualized
Education Program (IEP). The IEP specifies in which areas the child is falling behind, how
extra assistance will be provided, and how the child's progress will be monitored. In crafting
an IEP, the team is required by the Least Restrictive Environment (LRE) clause of the IDEA
to keep the child in the regular classroom, learning the regular curriculum, to the greatest
extent possible. Most children with LD spend three to four hours a week in a resource room
getting extra assistance in the subject(s) in which they are struggling. Many students with
mild disabilities are "mainstreamed" and never leave the regular classroom. These students
are typically given extra assistance within the classroom by a teacher's aid.
The purpose of SE is not only to improve achievement, but to improve social outcomes
and help students remain engaged in school. The two main components of the program
are extra assistance and alternative standards for assessment and promotion. There are a
number of potential positive and negative consequences to SE placement for the marginal,
slow-learning student and a priori the net benefit of SE is unclear. Students may benefit from
the specialized instruction and the extra resources and time to learn the material. They may
also benefit from a tailored curriculum, with easier promotion standards and requirements
for credit accumulation. Alternatively, placement may be harmful, since SE students spend
more time with a low-achieving peer group. SE students may also be challenged less and
be harmed by lower expectations of teachers, parents and peers (Martinez 2004, Bear 1993,
Meltzer 1998). There may also be stigma effects, resulting in economic and psychological
consequences to being called disabled. The empirical strategy in this paper identifies the net
benefit of SE services, but cannot identify the separate contribution of each of these factors.
1.3 CPS Accountability Policy
In September 1996, CPS announced a new policy that held schools accountable for student
performance. Elementary school performance was measured by the fraction of students read-
ing at grade-level norms (i.e. 50th percentile) on the Iowa Test of Basic Skills (ITBS). 11 The
1 High school performance was measured similarly, using the Test of Academic Proficiency.
ITBS is a nationally-normed test given every May to elementary school students, which in
CPS includes grades 1 to 8. Schools in which fewer than 15 percent of students were reading
at national norms (Pnorms) on the ITBS were placed on probation. Probationary status
was based on scores from the previous May and in September of 1996 CPS announced that
it was placing 71 of its 475 elementary schools on probation (Finnigan and O'Day 2003).
Schools on probation received a combination of increased assistance and monitoring, a loss
of autonomy and the threat of more severe sanctions in the form of reconstitution. 12 Modest
resources were given for teacher training and after-school programs. The central component
of probation was the requirement that schools work with an "external partner" (individual
consultants, university scholars and experienced administrators) who made recommendations
for and oversaw professional development and school improvement. In order to be taken off
of probation, schools had to increase the fraction of students reading at national norms to
20 percent. Schools with 1996 scores between 15-20 percent were also closely monitored and
about 25 percent of them were placed on "remediation." 13
Although many students showed marked gains in math and reading scores on the ITBS, it
is unclear how much these gains reflect true increases in student achievement. Jacob (2005)
illustrates that the new policy did not lead to comparable increases in achievement on a
state-administered, low-stakes exam or on subjects in the ITBS that were not included in
accountability measures. Improved scores were partly the result of increased stamina and test-
specific skills. Teachers and administrators report experiencing enormous pressure to meet the
new accountability standards (Jacob, et al., 2004). One way for faculty and administrators to
improve school performance was by increasing SE placement. Since SE students' scores were
not included in accountability measures, schools could mechanically improve performance by
taking students performing below the 50th percentile out of the testing pool and putting
them in SE. Under the heightened scrutiny, all schools were concerned with performance and
had an incentive to increase SE placement. Schools close to the probation/remediation cutoff,
however, had stronger incentives to increase SE enrollment. That is, a school with Pnorms
12Reconstitution refers to removal of teaching and administrative staff and the potential closing of the
school. CPS never moved to reconstitute any elementary schools.13 Of those elementary schools placed on probation in 1997, 75 percent were still on probation two years
later. Of those placed on remediation in 1997, 70 percent went on probation the following year.
equal to 15 percent had stronger motivation to increase SE placement than schools with
Pnorms at 5 or 25 percent, since these marginal schools could potentially affect probationary
status.
Figure 1.3 plots the growth in Special Education enrollment between 1994-2000 for ele-
mentary schools close to the cutoff (Pnorms between 10-20 percent) and adjacent schools
above and below (Pnorms between 0-10 percent and between 20-30 percent).' 4 While there
is barely any growth in SE between 1994-1996, SE in all of these schools grew rapidly after
1996. Consistent with the idea that schools near the cutoff had stronger incentives to alter the
testing pool, these schools had faster growth in SE enrollment after 1996-growing by nearly
40 percent-than other schools. Figure 1.4 provides additional evidence that the growth
in SE following the introduction of accountability occurred at "high-incentive" schools close
to the probation cutoff. This figure plots the change in SE enrollment from pre- to post-
accountability for schools ranked by 1996 Pnorms. The change in SE is most pronounced
for schools near the probation cutoff and is lower for schools with very low or very high 1996
Pnorms.
The analysis will focus on the group of schools close to the disciplinary cutoff and adjacent
schools, since better performing schools (and their Special Education programs) are different
in a number of ways. Table 1.1 presents summary statistics for schools categorized by 1996
performance. Higher performing schools have a much smaller fraction of minority and low
income students. Partly due to differences in SE resources and partly to population differ-
ences, higher performing schools also treat more students for speech problems and physical
disabilities and fewer students for emotional and mental disabilities.
To succinctly capture the idea that schools closest to the probation cutoff have the
strongest incentives to increase SE placement, I use the following formula for the cross-
sectional component of the instrument:
196 = 1 - 117.5 - Pnorms961
17.5
4 0Of the 27 elementary schools that had 0-10 percent of students reading at national norms, all but 2 were
placed on probation in 1997. Of schools with 10-15 percent of students at norms (54 schools), 45 were placed
on probation and the other 9 were placed on remediation in 1997. 15 of the schools in the 15-20 percent
category (62 schools) were on remediation in 1997.
This variable is equal to one for schools in which 17.5 percent of students were reading at
national norms in 1996 and declines linearly from 17.5 to 0 percent and from 17.5 to 35 percent
(illustrated in Figure 1.5). The 20 percent of CPS elementary schools with Pnorms96 > 35
are not included (this leaves 360 out of 450 schools in the sample). The instrument peaks
at 17.5 percent, halfway between 15 and 20 percent, because schools at 15 had to increase
performance by 5 percent to be removed from probation and schools at 20 were 5 percent
away from being placed on probation.
1.4 CPS Data and Summary Statistics
The analysis uses individual-level panel data from the administrative files kept by CPS be-
tween 1994-2004. The dataset includes detailed information on student background, such as
school, zip code, census tract, demographic information and free lunch, bilingual and Special
Education status (as well as disability type). Student records also include test scores, GPA,
attendance and credits accumulated. Student data is linked to aggregate school data such
as racial composition, class sizes, and the fraction of students who are receiving a free or
reduced-price lunch, limited-English-proficient and low income. CPS assigns each student an
identification number that allows me to follow them over time, as long as they remain in the
CPS system. 15
The sample is composed of cohorts of students who are 13-years-old in September of each
year. I only include students in regular and magnet elementary schools with 0 < Pnorms96 <
35.16 For most students, this is the fall of their eighth grade year. I follow students aged 13
in years 1994-2000 through high school, observing GPA and attendance records at age 16 and
15 Unless they return to CPS, students who transfer out of the CPS system are not included in the analysis
since I cannot observe their outcomes. There is no change in the rate of transfer after accountability. The
accountability policy does appear to have marginally reduced outflows to private schools, but this change is
among high-achieving students at high-performing schools and should not affect the analysis.
16Elementary schools in CPS include students in grades 1-8 or K-8, and combination elementary/high
schools include grades 7-12. I include 13-year-olds who meet the following conditions: 1) in a regular or
magnet elementary school or combination elementary/high-school; 2) in a school that was subject to the
accountability policy (this excludes charter schools, Special Education schools and other alternative schools);
and 3) in a school with Pnorms data in 1996 (this excludes 13-year-olds in 7 schools). A tiny fraction of the
sample is thrown out because of inconsistent age data or missing data on whether or not the student is in SE
at age 13. Inclusion in the sample is not at all based on where the student goes to high school or transfers
after age 13.
dropout status at age 17.17 The sample consists of roughly 20,000 13-year-olds each year, for
a total of about 140,000 students. Each September, a student is recorded as active or inactive
in the CPS system. When a student is inactive, they are assigned a leave code documenting
the reason for their exit, including whether they have dropped out and for what reason. I
follow the procedure outlined in Allensworth and Easton (2001) for calculating CPS cohort
dropout rates, and record whether or not a student is still in school or has graduated by age
17 (i.e. four years after they enter the sample). GPA and attendance are measured in the
fall semester of the year in which the student is 16. These last two outcomes are missing for
some students, primarily for those who have dropped out by age 16, but dropout status is
available for all students.
For the specifications using prior student achievement, I calculate decile scores on the
ITBS reading section at ages 9 and 10.1s Achievement is measured at this age to avoid
the endogeneity of test scores with respect to the accountability policy.19 Since achievement
at age 10 is also potentially endogenous to SE placement, I run all specifications with and
without the sub-sample of students who are in SE at age 10. I will show that their inclusion
only increases precision with no impact on the nature of the results. 20 About 3,000 students
per year are dropped because they are missing age 10 test score data. For those students
missing age 9 test scores, scores are predicted using age 10 scores and other background,
school and neighborhood characteristics.21 This leaves a sample of 127,000 students (105,000
'
7 Since roughly 40 percent of CPS 17-year-olds have dropped out, I measure GPA and attendance at an
earlier age to increase the number of students with these outcomes in my sample.
'
8 CPS reports ITBS scores in grade equivalents, which are supposed to reflect a student's ability relative to
his or her grade-level. However, there are a number of recognized shortcomings with using this metric to make
comparisons over time and across grades. For example, these scores do not correct for changes in test form
and difficulty across years. The scores used in this study are Rasch measures, which have been constructed
by the Consortium on Chicago School Research and used in other studies of the CPS accountability policy
such as Jacob and Lefgren (2002). These scores are constructed from an item-response model and measure
the log-odds that a student of a given ability level answers a question of a given difficulty level correctly. Since
the average student answers the question of average difficulty 50 percent of the time, this metric is centered
on zero. I thank the Consortium on Chicago School Research for providing these Rasch measures.
"'Students who are 13 in 2000 will have had one year of exposure to the policy, so their age 10 (but not age
9) test scores are potentially affected by the policy. However, using the average of scores at ages 9 and 10,
rather than just scores at age 9, does not meaningfully affect the results.
2 0 The dataset does not include the year of SE placement so for younger cohorts I do not know with certainty
whether or not the student was in SE at age 10. However, I know whether age 10 test scores were excluded
from school reporting and this appears to be a good measure of SE status. Roughly 90 percent of 10-year-olds
in SE for a mental or emotional disability have test scores excluded from reporting.
2 1 Missing age 10 scores does not appear to differ by SE status at age 13. There are a number of reasons why
it is not possible to predict age 10 scores for those missing data. First, if a student is missing age 10 scores,
with test score data) composed of roughly 17 percent SE students.
Since the majority of CPS students are quite disadvantaged (e.g. 90 percent of students
are eligible for a free or reduced price lunch) the differences between SE and RE students are
not as dramatic in Chicago as they are in many other districts (e.g. Blair and Scott 2002).
Nevertheless, there are many reasons to suspect that students are negatively selected into SE
and some of this is evident in Table 1.2, which presents mean characteristics for 13-year-old
SE and RE students in CPS. Achievement discrepancies at age 10 are large: students who
will be placed in SE at age 13 score nearly 3 deciles below students who will not. Future SE
students are also roughly 1/5 of a grade level behind other students at age 10. Students in SE
are more likely to be African-American and to be receiving a free or reduced price lunch. SE
students are less likely to be Hispanic and bilingual. Some of the discrepancy between rates
of SE for African American and Hispanic students likely comes from the ability of schools to
provide extra help to Hispanic students who are struggling through Bilingual and Limited-
English-Proficiency programs. Differences between school and neighborhood characteristics
are minimal. There is virtually no difference between the poverty rates, class size and average
Pnorms of the elementary school an RE student and an SE student attends. Similarly, there
appears to be no notable difference between census tract poverty, employment and education
rates for SE and RE students. On the basis of average characteristics, CPS students appear
to be selected into SE overwhelmingly on the basis of achievement.
1.5 Empirical Strategy
Let y be some high school outcome, SE be an indicator for being in Special Education at
age 13, X be a vector of individual background variables (including an intercept) and Z be a
vector of time-varying school characteristics. The SE program impact is captured by the f
coefficient in the regression:
Yist = SEistO + Xisti 1i + ZstA• + as + yt + eist (1.2)
I cannot know whether her scores were excluded and thus whether or not she was in SE at age 10. Second,
it is not possible to predict age 10 scores with scores at older ages since the latter will be endogenous to SE
placement and to the accountability policy.
where i, s and t indicate individual, elementary school and year, respectively, a and -y are
elementary school and year fixed effects, respectively, and e is a stochastic error term.
The outcome variables I consider are dropout status at age 17, and absenteeism and
GPA at age 16. The purpose of SE is not only to improve achievement, but to improve
educational attainment and help disabled students remain engaged in school. Dropout status
at age 17 is a good measure of the overall net benefit of SE since it is highly correlated with
both achievement and educational attainment. Since SE can in some cases loosen curricular
requirements and promotional standards for students, one may be concerned that SE appears
to reduce dropout rates only because it makes it easier to graduate. While I cannot test
whether this is the case, I can estimate the impact of SE on high school absenteeism, which
serves as a good measure of the impact of SE on school engagement. GPA is also an imperfect
measure of the impact of SE, since SE students may be graded according to different standards
than RE students. This is unlikely to be a serious concern for the marginal student in this
study, however, since SE services for mild learning disabilities are minimal and school districts
must adhere to the regular curriculum as much as possible.
I have already discussed a number of reasons why the main requirement for consistent
estimation of 3 (i.e. Cov(SEist, EistIXist, Zst) = 0) is unlikely to be met here. Factors
influencing SE selection such as parental characteristics, behavioral problems and poor infant
health that may also influence high school outcomes are not observed and could bias estimates
of p. 22
Rather than comparing outcomes for students who were and were not in SE in elementary
school, the estimation of / requires an instrument that predicts SE placement but, conditional
on covariates, is uncorrelated with high school outcomes. Students in elementary schools after
accountability were more likely to have been placed in SE than previous students, and the
strategic nature of this response to accountability caused students in high-incentive schools
to experience this increase most. Further, the increasing probability of SE placement was
22 Some of this bias could be eliminated with an individual fixed effect but this is not practical in the
estimation of the impact of SE. First, there is not much outward mobility from SE (except for speech and
language disabilities, which are not the focus of this paper) and those who do leave SE are not representative.
For example, roughly 90 percent of the first graders I observe in the CPS data are still in SE in eighth
grade. Second, much of the selection bias that needs to be purged does not come from fixed characteristics of
individual students. Rather, many students are identified as needing SE because of changes in their behavior
and performance, which often result from changes in the child's environment.
most pronounced for low-achieving students. I thus run two basic first-stage specifications.
The first specification analyzes whether students in high-incentive schools experienced larger
increases in SE placement after accountability, while the second specification analyzes to
what extent this increase was experienced differentially by achievement level.
The basic first stage regression without prior-achievement is:
SEist = 7r(196s POSTt) + Xistri2 + ZstA2 + K(Pnorms96, . POSTt) (1.3)
+O(probations -POSTt) + as + /yt + Cist
where 196 is from (1.1) and is equal to one for elementary schools in which the fraction
of students reading at national norms in 1996 is equal to 17.5 (i.e. it is constant within
a school) and POST is an indicator variable equal to one after 1996 and zero otherwise.
The (Pnorms96s - POSTt) term is included to pick up any changes in SE placement that
vary linearly with school performance.The probation variable is a dummy equal to one for
schools with Pnorms96 < 15 and the inclusion of this variable interacted with the POST
dummy is intended to control for any changes in SE placement induced by probation status.
The baseline specification does not include individual and school-level covariates, and I will
illustrate that their inclusion does not significantly impact the estimate of 7r.
It is important that the new policy was announced after 1996 testing was completed.
This allows me to construct an instrument that makes use of school performance prior to the
policy, which is necessary since performance is not only endogenous to the policy change, but
is also a function of SE placement itself. A positive and significant estimate of 7r indicates
that students in high-incentive schools had larger increases in the probability of SE placement
after accountability than students in schools with weaker incentives. I will illustrate through
a series of specification checks that rates of SE enrollment did not differ for these schools
prior to the accountability policy.2 3
23 Another reason to use age cohorts is to avoid changes in grade cohort composition resulting from a change
in CPS's social promotion policy in 1996. The policy required third, sixth and eighth graders that did not
meet certain test score cutoffs to go to summer school. When they were retested at the end of the summer,
students who again did not meet the CPS standard were retained. SE students were not subject to the new
promotion standards, but many of their low-achieving peers were. Using age cohorts allows me to avoid
changes in cohort composition, but the change in social promotion still introduces a concern regarding the
exclusion restriction. As long as retention is not correlated with the strength incentives, however, changes in
This identification strategy uses the year and school in which a child is 13 to predict SE
status. Using cohorts of 13-year-olds has the advantage of purging variation in SE status
by age. Since SE status is basically an absorbing state, most children who were ever in SE
are still in it at age 13. Data limitations prohibit me from using the number of years in SE
as the independent variable, so the estimates presented here will be for the 13-year-old with
an average number of years in SE. Measuring the dependent variable at age 13 also enables
me to measure outcomes at age 17-I would not be able to observe long-term outcomes for
younger students after the accountability policy.
In order for Equation (1.3) to yield an estimate of the direct impact of SE, it must be
that the only change taking place at high-incentive elementary schools influencing future
outcomes was the differential change in the probability of SE placement. Strong strategic
incentives could have led schools to make other changes, however, so it is important to utilize
within-school differences in SE placement. As illustrated in Table 1.2, the test scores of
10-year-old regular education students who will be placed in SE by age 13 are much lower
than the scores of those who will not. Thus, prior student achievement should be a good
predictor of SE placement within a school. The following specification measures the impact
of being in a high-incentive school on SE placement by prior achievement level, measured
by decile reading score at age 10. For the specifications using within-school variation to
yield the direct impact of SE it must be the case that, in the absence of the increase in SE
placement, students of different achievement levels in high vs. low-incentive schools would
not have had differential changes in high school outcomes. The exclusion restriction could be
violated if high-incentive schools targeted resources differentially across achievement levels.
I will illustrate in the robustness section that this does not appear to be the case.
The basic specification incorporating prior student achievement is:
SEist = 7r(decd - I96s, POSTt) + 72(decd -. 96, -POSTt) + 7r3 (I96, -POSTt) (1.4)
+7l(dec 2d 196,) + 72(decd . 196s) + 9d + as +t + 0 d N yt + Cist
Where dec is a variable ranging from 1-10 indicating a student's decile reading score, a
social promotion should not be biasing the results.
is a decile fixed effect, and all other variables are as defined above. 24 In this regression, a
negative and significant estimate of the coefficient 7r2 indicates that lower-achieving students
in high-incentive schools had the greatest increase in SE placement. A positive estimate of
the coefficient 7r1 implies that this effect is greatest at the lowest deciles. I also estimate a
more flexible version of (1.4), interacting decile score dummies with (I96s -POSTt), in order
to characterize the change in SE placement across the achievement distribution. In the next
section I present coefficient estimates from these basic first stage specifications as well as a
number of specification checks.
1.6 Impact of Accountability on Special Education
It is evident from Figure 1.2 that SE grew dramatically in CPS after the introduction of
accountability. Table 1.3 illustrates that this increase was largest for students in schools
with strong strategic incentives. Column (1) presents the coefficient of interest from the
basic specification (Equation 1.3), with standard errors clustered by school*year. I find a
significant coefficient of .048 on the instrumental variable (I96, - POSTt). Given that the
mean of the dependent variable (SE status) is .113 and that the mean of 196 is about .63, this
coefficient estimate implies that a student at the average school experienced a 3 percentage
point (29 percent) increase in the probability of SE placement. The impact of accountability
was even larger for students in high-incentive schools. The probability of being in SE grew
by 4.8 percentage points more for students in high-incentive schools than for other students.
This represents a differential increase of 43 percent over just 7 years, a very large change for a
variable that typically does not fluctuate much from year to year. Since the average school has
about 75 13-year-olds, these estimates imply that the number of SE students increased from
9 to 10.5 in the average elementary school and from 9 to 12 in the high-incentive elementary
schools.
The rest of the results in Table 1.3 serve as specification checks. Column (2) estimates
the same basic specification, but includes students who were already in SE at age 10. The
point estimate is slightly larger but not significantly different from the basic estimate in
24 Inclusion of Pnorms96 * POST and Probation * POST and their interactions with decile score does not
affect the results.
Column (1). Columns (3)-(5) again estimate the basic specification in Equation (1.3), but
include individual background controls, time-varying school controls and Zip Code*Year fixed
effects, respectively. Their inclusion does not affect the magnitude or significance of the
coefficient estimate much and these controls will be even less important in the specifications
incorporating test scores. Thus, it is possible that the accountability policy altered the
population of students in some way other than the increase in SE (e.g. by bringing higher
income students back to CPS), but these changes were either not correlated with changes in
SE enrollment or were not experienced differentially by high-incentive schools.
The estimates in Columns (6)-(11) explore whether high-incentive schools had different
pre-trends in SE enrollment and whether or not the form of the instrument is specified
correctly. A useful variant of (1.3) is:
SEist = 7r(I96s POSTt) + K(Pnorms96, . POSTt) + 9(probations - POSTt) (1.5)
+0(196, -d19 96) + as + Yt + (ist
where d1996 is a dummy variable equal to one in 1996. The coefficient on (196s.d1996) allows me
to check for pre-trends in SE in schools closer to the incentive region. Including (I96, -d1996)
in the basic specification (Column (6)) does not change the coefficient of interest and itself has
a tiny and insignificant coefficient estimate. The coefficient estimates in Column (9) are from
a more flexible form of Equation (1.3), which includes interactions between year dummies
and 196 (the omitted category is (d199 4 - 196,)). Prior to accountability the instrument does
not predict SE placement at all, but the coefficient estimates become increasingly large and
significant after 1996. These coefficients and their confidence interval are plotted in Figure
1.6.
One last specification check explores whether the impact of incentives on SE placement
differs if we look at the "upper" (i.e. Pnorms > 17.5) or "lower" (Pnorms < 17.5) sides
of the instrument. Finding similar estimates for each side of the instrument would be an
encouraging indication that the correct structure has been put on the incentive effect of
accountability and that the coefficient of interest is not being disproportionately weighted by
certain schools. When both sides of the instrument are controlled for separately-allowing
different slopes for schools with Pnorms96 below and above 17.5-very similar coefficient
estimates are recovered (an F-test that these coefficients are the same cannot be rejected).
This suggests that the impact of strategic incentives on SE placement for high-incentive
schools does not differ notably if we compare them to low-performing low-incentive schools
or high-performing low-incentive schools.
Table 1.4 gives estimates of the impact of accountability on SE status for students of
various backgrounds and disability types. The only ethnic group to experience a large and
statistically significant increase in SE placement was African-American students. The prob-
ability of being in SE grew 34 percent more for African-American students in high-incentive
schools than for those in low-incentive schools. Growth in SE enrollment was also very pro-
nounced for girls. The probability of SE placement grew by a full 50 percent for girls in
high-incentive schools, nearly 6 percentage points more than for girls in schools with weaker
incentives.
The effect for Hispanic students is insignificantly negative. Some of this is likely due
to the fact that high-incentive schools are roughly 70 percent African-American and have
comparatively few Hispanic students. However, given that there is some evidence of a decline
in SE placement for bilingual students (Column (5))-who are overwhelmingly Hispanic-
there appears to be a strategic element to this as well. This is because most bilingual students'
scores could also be excluded from accountability measures, so it was less beneficial for schools
to place Hispanic students in SE. The finding that black students are targeted most when
SE placements are strategic is consistent with Cullen's (2003) result that SE placements in
response to fiscal incentives are largest for black students.
If schools were using SE placement strategically, we would expect them to place students
in SE largely on the basis of achievement. Coefficient estimates in Columns (6) and (7) imply
that, while SE placement grew by 35 percent for students with age 10 reading scores in the
bottom quartile, there was no growth in SE placement for students scoring in the top quartile.
SE placement for an emotional or mental disability grew by 2.9 percentage points (36 percent)
for students in high-incentive schools, while there was no significant differential increase in the
probability of placement in SE for a physical disability. The coefficient estimate in Column
(8) implies that students in high-incentive schools who were already in SE at age 10, were less
likely than students at other schools to still be in SE at age 13. This means that flows out of
SE were higher-and SE students were somewhat older-at schools with strong-incentives.
Results presented in Table 1.5 explore how changes in SE placement differed by prior
achievement and are estimated from the triple-difference specification in Equation (1.4). The
point estimate from the most parsimonious specification, presented in Column (1), implies
that SE was increasing fastest for students at high-incentive schools and that the probability
of placement was decreasing at an increasing rate with decile score. I find no impact of
incentives on SE placement for students in the fifth decile, but find a large, significant effect
for students scoring in the bottom decile. Coefficient estimates barely change at all across
specifications and are again similar when the lower and upper sides of the instrument enter the
specification separately. These estimates imply that the probability of being in SE grew by
11 percentage points more for bottom decile students who attended elementary schools with
strong incentives than for students attending schools with weaker incentives. The average
fraction of students in SE who scored in the bottom decile is 55 percent, so my estimates
imply that these low-performing students experienced a 20 percent relative increase in SE
placement.
The coefficients in Table 1.6 are from a more flexible form of Equation (1.4), in which
reading decile dummies are interacted with the incentive measure. The coefficients from the
basic specification are in Column (1) and are plotted along with a 95 percent confidence in-
terval in Figure 1.7a. These same coefficients are reproduced in Figure 1.7b along with a plot
of the increase in SE placement for each decile predicted by the triple-difference specification
(Equation 1.4). The probability of being in SE increased substantially for students in high-
incentive schools who scored in the bottom decile at ages 9 and 10. In all specifications, SE
placement probability declines rapidly as decile score increases, and the impact of incentives
on SE placement for higher achieving students is small and insignificant. The close overlap
between the actual change in SE placement at each decile and the change predicted by the
triple-difference specification suggests that a quadratic or higher-order polynomial is a rea-
sonable functional form for capturing the relationship between incentives, prior achievement
and SE enrollment. The next section explores whether this large increase in the probability
of SE placement is reflected in outcomes for low-achieving students.
1.7 Impact of Accountability on High School Outcomes
Reduced form estimates of the impact of being in a high-incentive school on dropout status,
absenteeism and GPA are presented in Table 1.7. They are estimated from variations of
Equation (1.3). The reduced form estimates from these specifications are generally noisy,
but suggest a slight improvement in dropout probability and absenteeism and no impact on
GPA for students in high-incentive schools. When the sample is limited to students scoring
in the bottom quartile at age 10, the part of the distribution in which SE increased the
most, the results for dropout and absenteeism remain. The flexible specifications estimating
year*I96 coefficients indicate a downward trend in dropout probability and absenteeism after
accountability, with the estimates becoming more significant after 1997. Again, there is no
discernable trend for GPA.
As with the first stage estimates, identifying the impact of strong incentives across the
achievement distribution adds precision to the reduced form estimates. Table 1.8 presents
coefficient estimates from the reduced form version of Equation (1.4). The results for dropout
status in Column (1) indicate that dropout rates were decreasing fastest for low-achieving
students in high incentive schools. I estimate no impact for students achieving at the fifth
decile, but a larger negative coefficient for students at the bottom decile. The standard er-
rors are large, but estimates are significant in about half of the specifications. Estimates for
dropout status are similar across specifications and indicate that bottom decile students in
high-incentive schools experienced a roughly 4 percentage point decrease in dropout probabil-
ity relative to other bottom decile students. Since the average dropout probability for bottom
decile students is about 46 percent, these estimates imply that being in a high-incentive school
reduced the probability of dropout for these students by about 8-9 percent.
Panel B of Table 1.8 presents reduced form estimates for GPA by decile score. As with
dropout rates, there is no effect on GPA at the fifth decile. Point estimates at the bottom
decile are positive, which is consistent with the positive impact found for dropout rates, but
are small and insignificant. I cannot reject the null hypothesis of no difference in GPA between
students at high and low-incentive schools. Results for absenteeism are presented in Panel C.
The coefficient estimate in Column (1) implies that absences (in the fall semester) increase
by roughly 1 day with decile score. As with dropout rates, the coefficient on the square
of decile score is negative, implying that as decile score increases, absenteeism increases
at a decreasing rate. Thus in the region of the achievement distribution in which SE is
increasing the fastest, absenteeism and dropout probability are decreasing fastest. Coefficient
estimates for absenteeism at the mean decile are small and inconsistent across specifications,
but estimates at the bottom decile are statistically significant at roughly -2. The average
number of days absent for bottom decile students is 14, so these estimates imply that bottom
decile students at high-incentive schools experienced a reduction in absenteeism by about 15
percent more than students at schools with weaker incentives.
Reduced form estimates from the flexible specification interacting (I96, -POSTt) with
decile score dummies are presented in Table 1.9 and plotted in Figures 1.8a-1.8c. The coeffi-
cients are noisy but confirm that dropout rates and absenteeism are decreasing for the lowest
deciles.
1.8 OLS and IV Estimates of the Impact of SE on High School
Outcomes
It was apparent from comparing background, school and neighborhood characteristics in
Table 1.2 that CPS students in SE are not significantly more disadvantaged than RE students.
They do, however, have much lower test scores and are more likely to have been retained
than their RE peers. One might expect these large differences in achievement to show up in
high school outcomes and this is reflected in the OLS estimates in Column (1) of Table 1.10.
SE students are 10 percent more likely to have dropped out of high school at age 17, have a
.5 lower GPA and are absent nearly 3 days more per semester than RE students. However,
OLS differences for SE and RE students with test scores in the bottom two deciles (Column
(2)) are much smaller and, in the case of dropout, are not different at all.
The fact that OLS differences are nearly eliminated when only controlling for test scores
at age 10 suggests that OLS estimates of the impact of SE are biased by selection. I find IV
estimates that support this hypothesis. Coefficients in Columns (3) - (5) are estimated from
the quadratic specification defined in Equation (1.4) and Columns (6) - (7) are from a cubic
version of this specification. These estimates are consistent with SE placement in elementary
school reducing the probability of dropping out of high school by about 35 percent. While I
cannot reject the OLS results in Column (2), most of the IV results are significantly different
from the basic OLS estimates in Column (1). Some of the specifications are borderline
significant, implying that we can reject the null that SE has no impact on dropout at the
10-20 percent level. Results for absenteeism are more precise, generally implying that SE
placement in elementary school reduces absenteeism by about 10 days per semester. This
point estimate is very large, and is probably picking up the reduced dropout probability,
since some students who drop out of CPS are not officially recorded as having dropped out
until after they are absent extensively. This explains why there are some students who have
more than 40 days-about 2/3 of a semester-absent. IV results for absenteeism when the 5
percent of the sample with more than 40 days absent is thrown out suggest that SE reduces
absenteeism by a more reasonable 5 days per semester. Results for GPA are noisy and highly
insignificant, and I cannot reject OLS estimates that the impact of SE on high school GPA
is negative.
IV estimates in Columns (5) and (7) include I96*Post as an instrument, in addition to
its interaction with test scores, while all of the other columns include only the latter. The
fact that IV estimates are basically unchanged when cross-school variation is used in addition
to within-school variation is an encouraging indication that there were not other important
changes going on within high-incentive schools that are biasing the results. Columns (4) and
(6) use the upper and lower sides of 196 as separate instruments. IV estimates from these
specifications are very similar to the baseline specifications, but are more precise, which
suggests that the model is correctly specified.
1.9 Robustness
The main concern about the validity of the IV estimates is that, in addition to the large
increase in SE enrollment, high-incentive schools increased resources for low-performing stu-
dents. One might expect from the previous literature on high-stakes-testing in Chicago
that much of the improvement in test scores was the result of gaming and an improvement
in test-specific-skills. Also, since I have provided strong evidence that schools were acting
strategically and were very aware of how to improve their standing, if schools were to tar-
get resources one would expect it to be toward middle-achieving, rather than low-achieving,
students.
It is possible, however, that schools with strong incentives generally improved academic
achievement among low-performing students. In order to explore this possibility, I present
the reduced form results after controlling for ITBS scores at age 13. These scores should
reflect the maximum impact of strategic incentives on achievement, since any changes high-
incentive schools undertook would have been directed toward increasing achievement on the
test used for accountability. If achievement increased among low-achieving students, and
these changes in achievement influenced high school outcomes, then one would expect the
IV estimates to decrease in magnitude after controlling for age 13 test scores. The problem
with simply controlling for these scores is that they are also a function of SE status and
this is a channel that we do not want to eliminate from the IV estimates. While it is not
appropriate to control for age 13 scores in the main specifications, controlling for these scores
in the reduced form provides an important robustness check.
Reduced form estimates from the basic triple-difference specification (Equation (1.4))
after controlling for achievement at age 13 are presented in Table 1.11.25 The first and
second columns of each panel give coefficient estimates after controlling for reading decile
score and reading decile score fixed effects, respectively. These coefficients are very similar to
the main reduced form estimates (Table 1.8), again predicting no effect of strong incentives on
outcomes at the 5th decile but an improvement in outcomes for students in the bottom decile.
In fact, controlling for endogenous achievement increases the magnitude of the reduced form
effect at the bottom decile (e.g. from 4 to 5 percentage points for dropout rates and from -2
to -2.5 days for absences). These results suggest that the improvement in outcomes for low-
achieving students in high-incentive schools cannot be explained by increasing achievement.
It is also important to consider how the increase in SE placement induced by accountability
may have influenced resources for both SE and RE students. One possibility is that the
quality of SE services is declining, e.g. from over-crowding of SE classes and fewer resources
to spend on SE materials. It could also be that resources are being diverted away from regular
education programs in order to support higher SE enrollment. Both of these changes would
2 5 The within-school difference is still based on test scores at age 10.
imply that I am underestimating the positive impact of SE. The overwhelming majority of
Special Education students in Chicago Public Schools are classified as learning disabled. This
is the least costly disability to treat and the majority of the cost is devoted to instructional
services (Chambers, et al. 2003). Funding for SE students is legally mandated and can be
taken away from other programs in the school budget. Expenditures on instructional services
make up the majority (66 percent) of SE program costs for LD students (Chambers et al.,
2003). Illinois state law mandates a maximum student-teacher ratio of 20 in resource rooms
and schools need to apply for exemptions to this law. I estimated high-incentive schools to
have increased the number of 13-year-old SE students from about 9 to 12. If other age groups
experienced similar increases, the change in the number of SE students likely necessitated
the hiring of one additional SE teacher. In most states, districts are responsible for about
45 percent of SE program expenses (another 45 percent and 10 percent are paid by the state
and federal government respectively). State funding in Illinois is based on actual SE program
expenses, which is generous relative to most other states that try to limit over-classification
for SE by reimbursing on the basis of expected costs. Thus, the increase in SE placement in
high-incentive schools may have led to some reduction in resources for RE students, but the
impact was likely minimal. Without school-level budget information, however, I am unable
to estimate the impact of additional SE costs on resources for RE students or on the quality
of SE services.
If student-teacher ratios are declining for RE students, either because fewer SE students
are in the classroom or because a teacher's aid is brought into the classroom to assist main-
streamed SE children, I could be overstating the positive impact of SE. All SE students-and
particularly those with mild learning disabilities-are by law required to be in the regular
classroom learning the regular education curriculum to the greatest extent possible (Martin,
et al. 1996). 26 Students with LD typically spend 3-4 hours per week in a resource room
getting extra assistance for the subject they are struggling in and the rest of the time in the
regular classroom. It is therefore not likely that regular education students were benefiting
much from smaller student-teacher ratios due to SE students being taken out of the class-
2"6This is outlined in the "least restrictive environment" clause of the 1997 Individuals with Disabilities Act.
CPS has been very cautious about removing SE students from the regular classroom since the loss of the
Corey H. class-action suit (1992) in which it was accused of illegally segregating SE students.
room. If the majority of new SE students at high-incentive schools were mainstreamed it is
possible that RE students were benefiting from the increase in SE classification. However,
one would expect the benefit of lower student-teacher ratios to be reflected in achievement
scores and I find in Table 1.11 that changes in achievement cannot explain the improvement
in outcomes for low-achieving students.
A natural question that arises in any IV analysis is how representative the marginal
student is of the average student. In this case, we want to know whether the impact of SE for
the marginal student placed in SE because of strategic incentives is similar to the impact for
those placed in the absence of these incentives. Whatever the decision criteria are prior to
accountability, the policy change clearly leads high-incentive schools to put more weight on
ITBS scores in its decision. As discussed in Section 1.2, SE placement criteria are vague and
leave room for discretion, but schools are still required to demonstrate the likely presence
of a disability and so are not completely unrestrained in "strategically" placing students in
SE. I have found no evidence that these students are any "more" or "less" disabled than
previous SE students. It could be that the net benefit is different for students placed in
SE for strategic reasons than for traditional SE students. Hanushek et al. (2002) provide
suggestive evidence that SE may be targeted toward students who will benefit most from the
program. If the focus on ITBS scores causes schools to place students in SE who benefit less
from the program, then the results presented here may be underestimates of the beneficial
impact of SE.
1.10 Conclusion
Observational studies of SE students find that they are much more likely to suffer poor
social and academic outcomes than their regular education peers. However OLS estimates
of the impact of Special Education cannot be interpreted as causal since they are likely
to be biased by omitted variables in the selection process for SE. This paper provides the
first quasi-experimental evidence of the impact of SE placement on high school outcomes. I
illustrate that low-achieving students benefit from SE placement for mild mental disabilities.
IV estimates indicate that SE placement reduces absenteeism and the probability of dropping
out of high school. I find no conclusive evidence that SE services impact high school GPA.
While these results suggest that students benefit from SE services in terms of educational
attainment and engagement in school, they do not speak to the academic impact of SE.
Absenteeism and educational attainment are typically highly correlated with achievement,
but SE students face alternative curricular requirements, assessment metrics and promotional
standards. It is therefore unclear whether the reduction in dropout probability is stemming
from enhanced achievement or from easier graduation requirements. While my results indicate
a net benefit to SE placement, further investigation of the mechanisms by which SE influences
outcomes is necessary for understanding how to design SE services optimally. I also do
not have detailed enough expenditure data to analyze the cost-effectiveness of SE services
relative to other interventions for struggling students. Evidence on the relative efficiency of
these programs is clearly essential to understanding how effectively SE services are delivering
resources to children at risk of negative outcomes.
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Figure 1.7a: Impact of School Incentives on the Probability of Special
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Table 1.1: Various Characteristics of Schools by Percent of Students Reading at
National Norms in 1996 (Pnorms96)
(1) (2) (3) (4) (5)
1996 Pnorm Category:
0- 10% 10-20% 20-30% 30-50% 50-100%
Total Enrollment 555 691 743 690 563
% Special Ed .130 .120 .117 .132 .142
% with Learning Disability .070 .069 .070 .083 .082
% with Behavioral Disorder .012 .011 .010 .009 .008
% with Speech Disability .019 .018 .018 .019 .027
Share of SE with LD .546 .591 .606 .645 .578
Share of SE with EBD .094 .089 .084 .069 .055
Share of SE with SPL .164 .172 .168 .160 .221
% above Norms in Reading 0.08 0.16 0.25 0.38 0.67
Size of a 3rd Grade Class 21 23 24 26 28
% African-American .921 .767 .622 .383 .281
% Hispanic .078 .222 .309 .391 .226
% Limited-English-Proficient .048 .107 .156 .180 .113
% Low-Income .959 .940 .913 .802 .479
Obs 27 136 135 92 66
Notes: Sample is all regular and magnet CPS elementary schools
Each column is from an OLS regression
on a variable indicating the 1996Pnorm
of the school characteristic indicated by rov
category of the school.
Table 1.2: Means of Demographic Variables for Special Education
(SE) and Regular Education (RE) 13-year-olds in CPS
Difference
SE RE (SE- RE)
(1) (2) (3)
A. Background Characteristics
Male .656 .466 .190
(.004) (.002) (.004)
Black .674 .611 .063
(.005) (.001) (.004)
Hispanic .263 .331 -.067
(.004) (.001) (.003)
Free/Reduced Price Lunch .910 .892 .018
(.006) (.001) (.002)
Bilingual .263 .347 -.084
(.004) (.001) (.004)
Grade (Age 10) 3.798 3.992 -.193
(.040) (.006) (.010)
Reading Score Decile (Age 10) 3.092 5.720 -2.628
(.063) (.009) (.030)
Math Score Decile (Age 10) 2.801 5.777 -2.976
(.063) (.009) (.030)
B. School Characteristics
% Reading at Norms (1996) .213 .215 -.002
(.002) (.000) (.001)
% Low Income .914 .910 .004
(.007) (.000) (.001)
% LEP .152 .158 -.006
(.002) (.001) (.002)
% Black .619 .615 .004
(.006) (.001) (.004)
% Hispanic .317 .327 -.010
(.004) (.001) (.003)
8th Grade Class Size .255 .261 -.006
(.002) (.000) (.000)
C. Census Tract Characteristics
% Above Poverty .704 .708 -.004
(.006) (.001) (.002)
% Males Employed .639 .644 -.005
(.005) (.001) (.002)
Ave. Years of Education 12.037 12.000 .037
(.108) (.003) (.009)
Observations 21,383 105,718
Notes: Standard errors are in parentheses. Sample is all CPS 13-year-olds in
regular and magnet elementary schools. Only students in schools with
Pnorms96 <36 are included (these are the 80% of elementary schools in whict
the fraction of students reading at national norms was below 36%).
Each column is from an OLS regression of the demographic characteristic
indicated by row on a dummy indicating Special Education status at age 13.
Table 1.3: First Stage: Impact of Incentives from Accountability Policy (196) on SE Enrollment
Dependent Variable: Special Education Status at Age 13
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
196*POST .048 .058 .024 .043 .051 .050 .043 .051
(.014) (.018) (.014) (.016) (.015) (.015) (.016) (.015)
196*1995 .009 .005 .023
(.012) (.012) (.014)
196*1996 .007 .009 .002 .011 .011 .013
(.010) (.011) (.011) (.012) (.013) (.014)
196 * 1997 .036 .026 .044
(.018) (.018) (.019)
196*1998 .051 .041 .609
(.018) (.018) (.019)
196*1999 .055 .045 .045
(.018) (.019) (.019)
196 *2000 .079 .073 .073
(.018) (.020) (.020)
Including Students in
SE at Age 10 x
lndiv. Controls x
School Controls x
Zip Code* Year x
Lower Side of
Instrument x x
Upper Side of
Instrument x x
Notes: Standard errors in parentheses account for correlation between observations in the same elementary school and year.
Sample is all CPS 13-year-olds in regular and magnet elementary schools with age 10 test scores who were not in SE at age 10
(except in Column (2)).
Only students in schools with Pnorms96<36 are included (these are the 80% of elementary schools in which the
fraction of students reading at national norms in 1996 was below 36%).
196 is a variable reflecting the strength of incentives to increase SE placement at each elementary school and is defined in Equation (3) in the text.
196 is equal to one for schools with the strongest incentives and zero for those with the weakest incentives. Post is a dummy equal to one after 1996.
Excluded variable in Columns (9) - (11) is 196 * 1994.
Each column is an OLS regression of a dummy variable indicating SE status at age 13 on the independent variables indicated by row.
All specifications include year and school fixed effects and control forPnorms96 *POST and Probation *POST, where Pnorms96
is the fraction of students reading at norms in 1996 and Probation is a dummy variable equal to one for schools placed on probation in 1997.
Coefficients in Columns (7) and (8) are from the same regression where the lower (Pnorms <17.5) and upper (Pnorms>17.5)
sides of 196 are separate variables (coefficients in Columns (10) and (11) are estimated in the same way).
Background controls include gender, race, age in grade 10, bilingual status and free/reduced price lunch. School controls include ethnic
composition of school, fraction low income, fraction LEP and 3rd and 8th grade class size.
To interpret magnitudes, note that the mean of the dependent variable is roughly .12 (.17 in Column (2)) and the mean of 196 is about .60.
Table 1.4: Effect of Accountability Policy on Special Education Status for Various Populations
Dependent Variable:
SE Status SE Status
(Mental / (Speech /
Emotional Language
Disability) Disability)Special Education Status at Age 13
Sample Restricted to:
196*POST
Mean of Dep. Variable.:
Observations
Black
(1)
.058
(.020)
Hispanic
(2)
-.010
(.035)
Male
(3)
.031
(.026)
Female
(4)
.058
(.018)
Bilingual
(5)
-.051
(.037)
Bottom
Reading
Quartile
(Age 10)
(6)
.139
(.040)
Top
Reading
Quartile
(Age 10)
(7)
.002
(.015)
In SE at
Age 10
(8)
-.074
(.047)
All All
(9) (10)
.039 .003
(.016) (.004)
.168 .139 .222 .115 .125 .407 .022 .906 .137 .010
78954 40579 63298 63802 41917 26261 26164 8885
Notes: Standard errors in parentheses account for correlation between observations in the same elementary school and year.
Sample is CPS 13-year-olds in regular and magnet elementary schools. Only students in schools with Pnorms96 <36 are included
(these are the 80% of elementary schools in which the fraction of students reading at national norms in 1996 was below 36%).
196 is a variable reflecting the strength of incentives to increase SE placement at each elementary school and is defined in
Equation (3) in the text. 196 is equal to one for schools with the strongest incentives and zero for those with the weakest incentives.
Post is a dummy variable equal to one after 1996. Columns (1) - (8) are from OLS regressions of a dummy variable indicating SE
status at age 13 on 196*POST and is restricted to students with the characteristics indicated by column
(each characteristic is a dummy variable).
Columns (9) - (10) are from OLS regression of a dummy indicating SE status for the disability indicated by column on 196*POST.
All specifications include year and school fixed effects and control forPnorms96*POST and Probation*POST
To interpret magnitudes note that the mean of 196 is about .60.
IIIr
Table 1.5: First Stage using Prior Achievement: Effect of Incentives from Accountability on Special
Education by Reading Decile Score
(1) (2) (3) (4) (5) (6) (7)
196*POST .156 .147 .138 .150 .165 .155 .159
(.044) (.044) (.048) (.044) (.050) (.045) (.051)
I96*POST*Decile -.046 -.042 -.041 -.045 -.049 -.047 -.043
(.015) (.014) (.016) (.015) (.017) (.015) (.017)
196*POST*DecileSquared .003 .003 .003 .003 .003 .003 .003
(.001) (.001) (.001) (.001) (.001) (.001) (.001)
Effect at 5th Decile .010 .011 .005 .006 .008 .007 .019
(.011) (.010) (.012) (.012) (.013) (.012) (.013)
Effect at Ist Decile .113 .109 .100 .108 .120 .112 .119
(.032) (.032) (.035) (.031) (.036) (.032) (.037)
Not in SE at Age 10 x
Indiv. & School Controls x
Zip Code *Year x
Data at Age 16 x
Lower Side of 196 x
Upper Side of 196 x
Notes: Standard errors in parentheses account for correlation between observations in the same elementary
school and year. Sample is all CPS 13-year-olds in regular and magnet elementary schools with age 10 test
scores (students in SE at age 10 are excluded in Column (2) and only students with outcomes at age 16 are
included in Column (5)). Only students in schools withPnorms96 <36 are included (these are the 80% of
elementary schools in which the fraction of students reading at national norms in 1996 was below 36%).
196 is a variable reflecting the strength of incentives to increase SE placement at each elementary school and is defined
in Equation (3) of the text. 196 is equal to one for schools with the strongest incentives and zero for those with the
weakest incentives. POST is a dummy variable equal to one after 1996.
Test scores are measured using the average of a child's reading scores at ages 9 and 10 on the Iowa Test of Basic Skills
and are then categorized by decile. Each column is an OLS regression of a dummy variable indicating SE status
at age 13 on 196*POST and its interaction with decile score and decile score squared. All specifications include
all two-way interactions and year, school and decile fixed effects. Coefficients in Columns (6) and (7) are from
the same regression where the lower iPnorms <17.5) and upper (Pnorms >17.5) sides of 196 are separate
variables. Background controls include gender, race, age in grade 10, bilingual status and free/reduced price
lunch. School controls include ethnic composition of school, fraction low income, fraction LEP and 3rd and 8th
grade class size. The mean of the dependent variable and of96 are .16 and .60, respectively.
Table 1.6: First Stage using Prior Achievement: Coefficients on the
Interactions between Decile Score Dummies and Incentive Measure
(I96*POST)
Dependent
I96*POST*Decilel
I96 *POST*Decile2
I96*POST*Decile3
196 *POST*Decile 4
196 *POST*Decile5
I96 *POST*Decile6
196*POST*Decile 7
196*POST*Decile8
I96 *POST*Decile9
Variable: 5
(1)
.096
(.036)
.038
(.029)
.028
(.242)
.026
(.023)
-.013
(.021)
-.022
(.020)
-.014
(.0 17)
-.013
(.014)
-.007
(.009)
;peci~ l Education
(2)
.091
(.039)
.043
(.032)
.028
(.026)
.034
(.025)
-.005
(.022)
-.021
(.021)
-.010
(.019)
-.015
(.015)
-.007
(.010)
P-value .052 .119 .062 .026 .015
Indiv. & School Controls x
Zip Code*Year x
Has Data at Age 16 x
Not in SE at Age 10 x
Notes: Standard errors in parentheses account for correlation between
observations in the same elementary school and year.
Sample and variable definitions are discussed in the notes to Table 5
Each column is an OLS regression of a dummy variable indicating SE statu
at age 13 on the interaction between 196*POST and each decile score dummy
The excluded category isI96*POST*DecilelO. All specifications include scorn
main effects, all two-way interactions and year and school fixed effect,
The reported P-value tests the hypothesis that the coefficients on the interaction,
between I96*POST and decile score dummies are jointly equal to zero
atStatus
(3)
.095
(.036)
.037
(.029)
.027
(.025)
.026
(.023)
-.013
(.021)
-.022
(.020)
-.015
(.018)
-.013
(.014)
-.007
(.009)
Age 13
(4)
.111
(.040)
.054
(.032)
.036
(.026)
.036
(.024)
-.008
(.022)
-.015
(.021)
-.004
(.018)
-.015
(.015)
-.001
(.010)
(5)
.081
(.036)
.047
(.027)
.035
(.022)
.026
(.020)
-.016
(.018)
-.028
(.017)
-.019
(.012)
-.010
(.008)
-.010
(.008)
Table 1.7: Reduced Form: Effect of Incentives from Accountability Policy (196) on Various High School Outcomes
(1) (2) (3) (4) (5) (6) (7) (8) (9)
A. Dropout Status at Age 17
196*POST -.010 -.011
(.010) (.012)
196 *1995
196 * 1996
196* 1997
196 *1998
196 *1999
196 *2000
B. GPA at Age 16
.009 -.030
(.023) (.028)
.007
(.041)
-.026
(.043)
-.026
(.047)
-.056
(.047)
-.089
(.045)
-.043
(.041)
-.052
(.093)
.125
(.092)
.035
(.102)
.024
(.097)
.114
(.096)
.052
(.095)
C. Absences at Age 16
-.853 -.262
(.316) (.375)
.805
(1.554)
-1.251
(1.602)
-2.933
(1.790)
-3.197
(1.566)
-2.782
(1.537)
-2.358
(1.657)
Bottom
Quartile x x x x x x
Notes: Standard errors in parentheses account for correlation between observations in the same elementary school and year.
Sample and variable definitions are discussed in the notes to Table 5.
Dropout status is a dummy variable equal to one if the student has dropped out by age 17. GPA and absences are measured in the fall
semester beginning in the September in which the student is age 16.
Excluded variable in Columns (3), (6) and (9) is 196*1994. Each column is an OLS
regression of the dependent variable indicated by column on the independent variables indicated by row. All specifications
include year and school fixed effects. To interpret magnitudes, note that the mean of the dependent variable in Panel A
is .36, in Panel B is 1.89, in Panel C is 11.39 and the mean of 196 is about .60.
Table 1.8: Reduced Form u
from Accountability on Var
196*POST
196*POST*Decile
196*POST*DecileSquared
Effect at 5th Decile
Effect at 1st Decile
196*POST
196*POST*Decile
196 *POST*DecileSquared
Effect at 5th Decile
Effect at 1st Decile
196*POST
196 *POST*Decile
196*POST*DecileSquared
Effect at 5th Decile
Effect at ist Decile
ising Prior Achievement: Effect of Incentives
ious High School Outcomes by Decile Reading
Score
(1) (2) (3) (4)
A. Dep. Variable: Dropout Status at Age 17
-.061 -.074 -.071 -.029
(.042) (.046) (.041) (.048)
.025 .026 .026 .016
(.017) (.019) (.017) (.019)
-.002 -.002 -.002 -.002
(.001) (.002) (.001) (.002)
.006 .002 .000 .007
(.017) (.019) (.017) (.017)
-.038 -.051 -.047 -.015
(.028) (.031) (.028) (.033)
B. GPA at Age 16
.056 .004 .023 .059
(.092) (.099) (.092) (. 111)
-.028 -.008 -.032 -.029
(.037) (.039) (.037) (.041)
.003 .001 .004 .003
(.003) (.003) (.003) (.003)
-.001 -.003 -.048 -.002
(.035) (.038) (.037) (.036)
.031 -.002 -.006 .033
(.063) (.069) (.063) (.077)
C. School Absences at Age 16
-3.035
(1.424)
.933
(.534)
-.078
(.045)
-.326
(.530)
-2.181
(1.005)
-2.357 -2.879
(1.543) (1.407)
.917 .989
(.575) (.533)
-.082 -.084
(.048) (.045)
.169
(.575)
-1.522
(1.092)
-.420
(.538)
-1.974
(.988)
-3.157
(1.614)
1.000
(.586)
-.083
(.048)
-.225
(.536)
-2.239
(1.140)
Indiv. & School Controls x
Zip Code*Year x
Not in SE at age 10 x
Notes: Standard errors in parentheses account for correlation between observations in
the same elementary school and year. Sample and variable definitions are discussed in
notes to Table 7. Test scores are measured using the average of a child's reading
scores at ages 9 and 10 on the Iowa Test of Basic Skills and are categorized by decile.
Dropout status is a dummy variable that is equal to one if the student has dropped
out by age 17. GPA and absences are measured in the fall semester of the school year
in which the student is 16.
Each column is an OLS regression of the dependent variable indicated in the first row of
each panel onl96*POST and its interaction with decile score and decile score squared.
All specifications include score main effects, all two-way interactions and year, school
and decile fixed effects.
To interpret magnitudes, note that the mean o996 is .60, and the mean of the
dependent variable is .36, 1.9 and 11.4 in Panels A, B and C, respectively.
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Table 1.9: Reduced Form using Prior Achievement: Coefficients on the Interaction between
Decile Score Dummies and Incentive Measure (196*Post)
Dependent Variable:
LJPJOUL 5tatus at Age
17
(1) (2)
196 *POST*Decilel
I96*POST*Decile2
196*POST*Decile3
196*POST*Decile4
196*POST*Decile5
196*POST*Decile6
196*POST*Decile 7
196*POST*Decile8
196*POST*Decile 9
GPA at Age 16
(4) (5)
-.015
(.091)
.047
(.085)
-.052
(.076)
-.046
(.071)
-.088
(.062)
-.055
(.056)
-.016
(.052)
-.004
(.048)
-.018
(.045)
Days Absent at Age 16
(7) (8)
-.558 -.041
(1.196) (1.274)
-.577 .037
(1.074) (1.145)
-.046 .508
(.978) (1.054)
.802 .924
(.902) (.978)
.273 .995
(.793) (.855)
.739 .945
(.686) (.738)
.415 .756
(.631) (.687)
-.058 .285
(.545) (.600)
.788 .835
(.237) (.548)
Indiv. & School Controls
Zipcode*Year
P-Value .030 .133 .028 .068 .176
Notes: Standard errors in parentheses account for correlation between observations in
the same elementary school and year.
Sample and variable definitions are discussed in the notes to Table 7.
Each column is an OLS regression of the dependent variable indicated by column
on the interaction betweenl96*POST and each decile score dummy. The excluded category
is 196*POST*DecilelO . All specifications include score main effects, all two-way
interactions and year and school fixed effects. The reported P-value tests the
hypothesis that the coefficients on the interactions betweed96*POST and decile score
dummies are jointly equal to zero.
-.009
(.034)
-.008
(.032)
.030
(.029)
.029
(.026)
.043
(.024)
.017
(.021)
-.008
(.020)
.012
(.017)
.006
(.017)
-.038
(.038)
-.030
(.035)
.005
(.032)
.008
(.030)
.023
(.026)
-.005
(.024)
-.019
(.022)
.009
(.019)
.000
(.019)
-.059
(.085)
.011
(.078)
-.081
(.071)
-.083
(.065)
-.091
(.057)
-.078
(.053)
-.012
(.048)
-.004
(.044)
-.024
(.042)
.422
Table 1.10: OLS and IV Estimates of the Relationship Between Special
Education Placement and High School Outcomes
(1) (2) (3) (4) (5) (6) (7)
OLS IV
A. Dropout at Age 17
.097 -.003 -.313 -.362 -.370 -.430 -.436
(.004) (.007) (.323) (.252) (.312) (.273) (.344)
[.000] [.635] [.333] [.150] [.235] [.116] [.205]
B. GPA at Age 16
-.499 -.154 -.098 .289 .020 .402 .002
(.011) (.014) (.596) (.516) (.604) (.561) (.627)
[.000] [.000] [.869] [.575] [.974] [.474] [.997]
C. Absences at Age 16
2.794 .767 -9.442 -10.131 -12.324 -13.859 -16.419
(.144) (.232) (8.323) (6.959) (8.126) (7.765) (9.148)
[.000] [.001] [.257] [.145] [.129] [.074] [.073]
Notes: Columns (1) and (2) are OLS regressions of the dependent variable
indicated by Panel on Special Education status at age 13. Column (1) is for
the entire sample and Column (2) is for the bottom quartile only.
Standard errors are in parentheses and P-values are in square brackets.
Columns (3)-(7) are IV regressions (using the entire sample) of the dependent
variable indicated by Panel on Special Education status, where SE status is
intrumented with 196post interacted with test scores. Columns (3)-(5) use a
quadratic function of test scores and Columns (6) and (7) use a cubic
specification. All test scores are categorized by centile.Specifications in
Columns (4) and (6) use both sides of196 separately. Specifications in
Columns (5) and (7) includel96*post as an instrument in addition to its
interaction with decile score, whereas all other specifications just useI96*POST*score.
Table 1.11: Robustness: Reduced Form Estimates of the Impact of Accountability on High School
Outcomes Controlling for Endogenous Achievement
196*POST
196*POST*Decile
196*POST*DecileSquared
Effect at 5th Decile
Effect at Ist Decile
(1) (2)
A. Dropout at Age 17
-.071 -.072
(.043) (.043)
.025 .025
(.017) (.017)
-.002 -.002
(.001) (.001)
.000
(.017)
-.048
(.029)
.000
(.017)
-.048
(.029)
Age 13 Reading Score x x x
Age 13 Score Fixed Effects x x x
Notes: Standard errors in parentheses account for correlation between observations in the same
elementary school and year. Sample and variable definitions are discussed in notes to Table 7.
Specifications are identical to those estimated in Column (1) of Table 8 but control for various functions
of decile reading score measured at age 13.
(3)
B. GPA
.122
(.092)
-.040
(.036)
.004
(.003)
.013
(.034)
.086
(.063)
(4)
at Age 16
.121
(.092)
-.040
(.036)
.004
(.003)
.014
(.034)
.085
(.063)
C. Absences
-3.254
(1.451)
.910
(.539)
-.071
(.045)
-.491
(.528)
-2.415
(1.024)
at Age 16
-3.269
(1.454)
.911
(.540)
-.072
(.045)
-.504
(.528)
-2.429
(1.026)
Chapter 2
Financial Incentives for Special
Education Placement: The Impact
of SSI Benefit Expansion on Special
Education Enrollment
2.1 Introduction
In 2005, more than 6.7 million U.S. public school students were deemed disabled under the
Individuals with Disabilities Education Act and were receiving Special Education services.
While all public schools face uniform federal guidelines for the diagnosis of disabilities, there
is substantial variation across states in the fraction of students enrolled in SE. For example,
while only 7 percent of the child population in California and Colorado are in SE, over 12
percent are in SE in New Jersey and West Virginia. Only a small amount of this variation can
be explained by factors that we would expect to influence the presence of child disabilities,
such as poverty (Losen and Orfield 2002). 1 While every student with a disability is legally
entitled to SE services, vague disability guidelines leave room for discretion in SE placement
and have led to substantial variation in the supply of SE services made available to students.
'Poverty is strongly correlated with low birth weight, which is a factor in the development of some learning
disabilities (Vohr, et al. 2000, Breslau et al. 2004).
For example, schools have been shown to respond to fiscal and disciplinary incentives in
determining SE placement (Cohen 2006, Jacob 2006, Cullen 2003).
While strategic considerations seem to be a factor in the supply of SE services made
available by schools, not much is known about whether the demand for SE services is also
responsive to incentives. The decision to screen a child for a disability is typically made by
the student's parent or teacher. Factors influencing parental demand for SE placement may
include the quality of SE services, time costs of applying to SE and individual perception
of the net benefit of SE placement. This paper uses variation in the generosity of benefits
a disabled child can receive under the Supplemental Security Income (SSI) program as a
measure of incentives to have a child enrolled in SE. I use temporal and cross-state variation
in the benefit to enrolling a child in SSI to analyze how responsive demand for SE enrollment
is to fiscal incentives and how much of the cross-state variation in SE growth this demand
response can explain.
SSI is a cash-transfer program for aged, blind and disabled individuals who are below
federally-determined income and asset limits. Originally a small program serving a primarily
elderly population, SSI has grown to provide assistance to over a million disabled children.
Growth in child SSI receipt was precipitated by the 1990 Sullivan v. Zebley Supreme Court
decision, which significantly liberalized the standards for a child to qualify for SSI for a mental
or emotional disability. High SSI benefits levels, coupled with the increasing diagnosis of
mild learning and emotional disorders in the late 1980s, led to a dramatic increase in child
SSI applications after the Zebley decision. In the five years after Zebley, child SSI enrollment
grew from .26 to nearly 1 million, a 264 percent increase (SSA Annual Statistical Supplement,
various years).
This substantial increase in child SSI enrollment did not occur uniformly across states.
Kubik (1999) and Garrett and Gleid (2000) demonstrate that one major predictor of post-
Zebley SSI growth was the difference across states in the interaction between SSI and Aid to
Families with Dependent Children (AFDC) benefit schedules. While SSI benefit levels are
set nationally, AFDC/TANF benefit levels are set by the state and vary widely.2 Since a
child cannot receive AFDC and SSI benefits simultaneously, but a family can, states in which
2For example, in 1990 a single mother with two children on AFDC could receive $166 a month in Alabama,
whereas in California, she would receive a monthly benefit of $980.
the gain to a family of switching a child from AFDC to SSI was higher experienced larger
increases in post-Zebley child SSI enrollment. The individual incentive to switch assistance
programs was facilitated by cash-strapped state welfare offices, which benefited from shifting
people from AFDC, which is funded jointly by the federal and state governments, to SSI,
which is almost entirely federally-funded (Schmidt and Sevak 2004, Kubik 2003).
While more generous benefits for children should clearly lead parents to increase their
demand for child SSI enrollment, the child must first be deemed disabled. The criteria for a
child to be eligible for SSI are very similar to those for Special Education.3 Both programs
look for evidence of a disability from the standard battery of tests, from information provided
by parents and teachers, and from "functional assessments."4 Under the Individuals with
Disabilities Education Act (IDEA), parents of children in public schools are entitled to a
free disability screening for their child. The IDEA includes broad definitions of disabilities
entitling a child to SE, but state educational agencies are free to implement more precise
diagnostic guidelines. 5 Beyond the presence of a disability, both SE and SSI require evidence
that the disability impedes the child's ability to function in an age-appropriate manner. For
the majority of children, functionality is assessed based on school performance. While SE
enrollment is not an official requirement for SSI placement (since there are no educational
requirements for the latter), it is a de facto requirement for school-age children.
Parents incur zero financial cost for a Special Education screening, but are responsible for
all expenses incurred in providing evidence of a child's disability to SSI. Thus, it is likely that
a parent who wanted to apply for SSI would first request that the school conduct a disability
assessment for SE. However, there are a number of reasons why parents might not request to
have their child screened. First, they may not know the symptoms of childhood disabilities
or that their child is exhibiting these symptoms in school. Many mental and emotional
disabilities-including those severe enough to entitle a child to SSI-go undiagnosed and
untreated among children (Cuffe et al. 2005). Even if parents believe that their child might
3SSI eligibility requires that the disability be expected to last at least 12 months. On the other hand, some
children qualify for SE for disabilities that are usually temporary, such as speech and language disorders.
4 Roughly 70 percent of students assessed for SE are ultimately placed in the program (Ysseldyke, et al.
1997).
5For example, one of the criteria in the federal definition of a learning disability is that a "severe discrep-
ancy" exists between a child's ability (IQ) and achievement levels, but state educational agencies can specify
what test results would qualify as severe.
be disabled, they may be unwilling to incur the opportunity cost of the initial screening
and future re-assessments. 6 Parents may also choose not to have their child assessed for a
disability because they perceive SE placement to be costly for the child. Students may benefit
from SE placement because of the extra attention and accommodations. On the other hand,
SE placement could be harmful to children if being diagnosed with a disability leads to lower
expectations of parents, teachers and future employers. The net benefit of SE placement is
not well-established, and parents face significant uncertainty about whether their particular
child will benefit from SE services.
Whether parents are unaware that their child may be disabled or unwilling to have the
child screened for a disability, the increase in SSI benefit generosity after 1990 should have
made parents more likely to request a disability screening for SE for their child.7 This
incentive should have been strongest for low-income parents.8  A large fraction of the SE
student population comes from households which are likely to qualify for welfare programs.
The National Longitudinal Transition Survey (NLTS) is a nationally-representative survey of
middle- and high-school children with disabilities conducted in 1987 and gives some picture
of the demographics of the SE population a few years before Zebley. 35 percent of SE children
lived in a single-parent household and 68 percent of their parents had a high school diploma
or less. Over 26 percent of SE children lived with a household head that was unemployed.
Many SE children came from households already receiving federal assistance: 27 percent had
parents receiving SSI and Medicaid income, 10 percent had parents receiving Social Security
Disability Income and nearly 10 percent had parents on AFDC (NLTS 1987). These figures
probably underestimate the degree of poverty in the SE population prior to Zebley, since
elementary school children in SE (who are not represented in the NLTS) tend to have more
severe disabilities, more likely to stem from conditions associated with poverty such as low
birth-weight.
The magnitude of the spillovers from increasing SSI benefit generosity to SE enrollment
SParents must participate in much of the process for SE screening and placement. For example, parents must
be present when the child's Individualized Education Program (IEP) is crafted by teachers and administrators,
and must be present at reviews of the child's progress that occur at least annually.
7 Throughout this paper, I use "benefit generosity" to refer both to the level of benefits and to the leniency
of the criteria for receiving benefits.
8 1It is likely that middle-income parents faced some incentive as well, since SSI income and asset caps are
generous and parents probably faced some uncertainty about whether or not they would qualify for SSI.
depends on how well schools are able to identify disabled children and make SE services
available to them. A number of studies, although a bit outdated, have shown that not all
students who meet the criteria for a disability are receiving SE services (Ysseldyke et al.
1983, Ysseldyke, et al. 1982). This is partly the result of the broad and inconsistently
applied guidelines for diagnosing mental and emotional disabilities. Even if schools identified
disabled children more consistently, they still are likely to restrict the supply of SE services
available to students. Excess demand for SE services results from the scarcity of certified SE
teachers and only partially-funded state SE programs.
I find that the increase in the supply of SSI benefits brought on by Zebley led to a 15
percent increase in SE enrollment. These results suggest that SE enrollment is very responsive
to financial incentives. I also find that 1.5 percent of the variation in SE enrollment across
states can be explained by variation in the level of financial incentives to enroll in SSI.
While most of the research on SE has focused on the supply of SE services and school-
based incentives, these results suggest that parental incentives are an important factor in SE
enrollment and in the identification of disabilities among children in general.
In the next section I describe the changes in child eligibility for SSI that took place in the
early 1990s and how those changes led substantial numbers of children to switch from AFDC
to SSI. Section 2.3 outlines the empirical strategy used to estimate the impact of SSI benefit
changes on SE enrollment. First stage results are presented in Section 2.4, and reduced form
and instrumental variables estimates are presented in Section 2.5. Section 2.6 concludes.
2.2 Changes in SSI Recipiency Among Children:
2.2.1 Eligibility Standards, Recipient Characteristics and AFDC-SSI Case-
load Shifting
When the U.S. government began distributing SSI benefits in 1974, the program covered 1.3
million people, only 5 percent of whom were disabled children.9 Since then the program has
grown to pay benefits to 7.1 million people, over 1 million of whom are disabled children. With
nearly 6 percent of children living in a house with some SSI income, it has become a more
9 Information on data sources and variable construction is presented in the Data Appendix.
important source of assistance for children than TANF (Duggan and Kearney, forthcoming).
SSI eligibility criteria and federal payments are applied nationwide, although states can
choose to supplement benefits. Family income limits are roughly $12,000 per year and liquid
asset limits are $2,000 per year for adults applying to SSI, but income and asset limitations
for child eligibility are somewhat more lenient. In the determination of child eligibility, a
portion of parental income is "deemed" to the child. Maximum deemed income depends on
the share of parental income that is earned vs. received through public assistance, and the
number of children in the household. In 2005, a disabled child in a single-parent household
with one other child and monthly earnings of $1533 could receive the maximum benefit
(Duggan and Kearney, forthcoming). Federal benefit levels are generous relative to other
cash-assistance programs and, when an individual qualifies for SSI, they are also typically
entitled to Medicaid and Food Stamps. The maximum federal benefit in 2005 was about
$580 per month for an individual (SSA 2005). Only 15 states supplement child SSI benefits
and these benefits account for just three percent of total SSI spending on children (Duggan
and Kearney, forthcoming). The average monthly payment to a child in 2005 was $517 per
month, of which only $15 was due to supplemental state payments.
2.2.2 Changes in Child SSI Eligibility Standards
When determining adult SSI eligibility, the Social Security Administration (SSA) first com-
pares the applicant's condition to a list of disabilities that guarantee qualification. If the
condition is not listed, it must be determined whether the applicant's illness is severe enough
to prevent him from working in any job for which he is qualified. Prior to 1990, child eligi-
bility did not include a comparable functional assessment. Rather, if the child's ailment was
not included on the list of disabilities leading to automatic qualification, his application was
rejected. In the 1990 Sullivan v. Zebley decision, the Supreme Court ruled that holding chil-
dren to a stricter disability standard than adults was illegal and required the SSA to include
an individual functional assessment (IFA) for child applicants as well. For most children,
the IFA was determined on the basis of whether the child was capable of functioning in an
age-appropriate manner in school.
As part of the settlement in the Zebley case, an attempt was made to locate child ap-
plicants who were denied SSI benefits, retroactive to 1980. By 1994, nearly 300,000 cases
had been re-adjudicated (with 34,000 remaining), 130,000 of which were found eligible for
benefits (GAO 1994). These children received a lump sum payment equal to the lost stream
of benefits from the time of their initial application. Growth in SSI recipiency stemming from
children in the retroactive class makes up nearly 30 percent of the total increase in child SSI
recipiency after Zebley.
In the late 1980s, Attention Deficit Hyperactivity Disorder (ADHD) and other behav-
ioral/learning disabilities were increasingly diagnosed and treated among children. In the
same year as the Zebley decision, the SSA added a number of these more mild mental and
emotional conditions to the list of eligible disabilities. The SSA also revised its guidelines for
the type of evidence that was acceptable in the determination of mental illness, placing less
emphasis on medical assessments and relying more on the testimony of parents, counselors
and teachers.
All of the changes to the child SSI eligibility criteria that occurred in 1990 led to a dramatic
increase in child SSI caseloads.10 Figures 2.1a and 2.1b plot trends in SSI recipiency levels
and rates, respectively, for children under 18 over the past 30 years."l The number of children
receiving SSI climbed steadily throughout the 1970s and 1980s, but there is a clear abrupt
change in 1990. While the number of children on SSI grew from .23 to .26 million between
1985 and 1989, this number grew to nearly one million in 1996. This is an increase in child
SSI recipiency of roughly 260 percent in the six years following Zebley.
The escalating caseload and growing controversy over whether children diagnosed with
milder mental and emotional disturbances were truly disabled led to a retrenchment in child
SSI benefits in the mid-1990s welfare reform laws. Under the 1996 Personal Responsibility
and Work Opportunity Reconciliation Act (PRWORA) the SSA was no longer required to
apply comparable standards for child and adult SSI applicants (Daly and Burkhauser 2003).12
o
0 Two other changes to the SSI program occurred in the early 1990s that probably had a more modest effect
on child SSI participation. First, in 1990 Congress mandated and provided funding for the SSA to expand the
scope of its outreach programs. Second, in 1992 the SSA made a minor change to the way parental income is
deemed to children, treating unearned income more generously (Hannsgen and Sandell 1996).
" Figures reflect SSI recipiency as of December of each calendar year. The Zebley decision occurred in
February of 1990.
12 Although the functional assessment was no longer required, the emotional and mental disabilities added
to the SSA's list of qualifying conditions in 1990 were not removed.
The impact of this cutback is clear in Figures 2.1a and 2.1b, as child SSI caseloads plateau
in 1996, remaining flat for a few years before returning to a slow upward trend.
The pressure to curtail the growth in child SSI awards prior to the 1996 legislation is
apparent in Figures 2.2a and 2.2b, which plot trends in SSI applications and awards for
children. Prior to Zebley, child SSI applications remained fairly constant at roughly 75,000
applicants per year, with an acceptance rate slightly under 40 percent. Applications grew
by 275 percent between the passage of Zebley and the changes to welfare reform, peaking
in 1994 at nearly 350,000 applications per year. Awards for children peak in 1993, when
they had reached 5 times their pre-Zebley level. Acceptance rates were still very high in
the early-1990s (reaching 64 percent in 1992) and were probably an important factor in the
incentive to apply for one's child to receive SSI.
2.2.3 Changes in SSI Recipient Characteristics
The growth in child recipiency after Zebley was almost entirely due to an increase in children
with mental disabilities. The SSA categorizes these disabilities into mental retardation and
"other mental disorders" which includes disorders such as ADHD and behavioral/emotional
disturbances. Table 2.1 presents SSI recipient characteristics by age group in the years before
and after Zebley and welfare reform. Between 1989 and 1996, the share of SSI recipients under
age 17 grew from 6 to 14 percent, while the share of elderly recipients over age 64 declined
from 44 to 32 percent. 13 In 1989, mental retardation was the most common child disability,
with 42 percent of children on SSI for this disorder, while only 7 percent of children had
a different mental disorder. Between 1989 and 1996, the fraction of children with mental
retardation dropped to 37 percent, while the fraction with a mental disorder other than
mental retardation grew to 24 percent. By 2002, a larger share of children on SSI had these
mental disabilities (37 percent) than mental retardation (35 percent). Since a number of
mental and emotional disabilities were added to the SSA's list of qualifying conditions in the
early 1990s, it is not surprising that the share of adults with these conditions increased as
well. The fact that mental and emotional disabilities are more common among males than
•"One would ideally like to analyze changes in the number of SSI recipients by age and disability, rather
than the share, but these figures are not available for child SSI recipients in earlier years.
females is reflected in the increasing share of boys and men on SSI.
2.2.4 Incentives to Switch to SSI from AFDC
The liberalization of child disability standards, coupled with a high acceptance rate and
generous benefits, provided a strong incentive for parents to seek SSI benefits for their child.
Kubik (1999) illustrates that the incentive to apply for SSI is strongly correlated with the
amount of benefits a family on AFDC could gain. Income and asset limits are similar for
these two programs and the rate of disability among the AFDC population is substantial (Acs
and Loprest 1999). AFDC families were made aware of the potential benefit of enrolling one
or more family members in SSI by state welfare agencies that could save money by shifting
caseloads to the entirely federally-funded SSI program. Schmidt and Sevak (2004) show that
states that engaged in welfare reform more aggressively had larger increases in SSI. Kubik
(2003) shows that SSI growth within a state is correlated with unexpected expenditure and
deficit shocks
Since a child cannot receive both AFDC and SSI benefits, but a family can, it is possible
to gain financially by taking a child out of the AFDC family that is used to calculate benefits
and enroll him in SSI. That is, while AFDC benefit levels are lower for a two-person family
(a mother and one child) than a three person family, the loss in AFDC benefits may be
outweighed by the gain in SSI benefits. Thus the gain to switching a child to SSI is a function
of the slope of a state's AFDC benefit schedule with respect to family size. Specifically, the
variable SSIGain is defined as:
SSIGainst = BenefitSSIt - (AFDCBenefitst3 - AFDCBenefitat2 ) (2.1)
where BenefitSSIt is the maximum monthly federal SSI benefit level in year t, AFDCBenefitst3
is the maximum monthly AFDC benefit in year t and state s for a family of 3 (i.e. a single
mother with two children) and AFDCBenefitst2 is defined similarly for a family of 2.14
In 1989, the year prior to Zebley, the average gain to switching a child to SSI was about
'14 ignore the state SSI supplement in this formula since very few states provide them for children living in
a household and, among those that do, the level of these benefits was very low (only about 2 percent of the
total SSI benefit). In the regression results that follow, whether or not a state provided a supplement will be
absorbed by state fixed effects.
$497 per month (in current dollars), but there was substantial variation in this number across
states. Figure 2.3a plots the SSIGain variable against child SSI recipiency rates in 1989.
There is a clear, strongly positive, relationship between the gain to a family of switching a
child to SSI and the child SSI recipiency rate in a state. There is also substantial variation
in the SSIGain variable, which is just over $400 per month in California and Connecticut,
and nearly $600 per month in Texas and North Carolina.
The gain to switching a child to SSI in 1989 also appears to be strongly correlated with
the increase in child SSI rates after Zebley. Figure 2.3b plots the change in child SSI rates
between 1989 and 1996 against the SSIGain variable in 1989. States in which SSIGain was
highest experienced increases in child SSI of more than 2 percentage points, whereas this
increase was .5 percentage points in the lowest SSIGain states.
As shown in Table 2.1, nearly all of this increase in child SSI enrollment stemmed from the
increasing diagnosis of learning disabilities and emotional disorders. These types of conditions
are notoriously vague and difficult to define. The rapidly increasing number of children on
SSI for these types of disabilities led to some speculation in the press that parents were
fabricating their child's illness in order to receive SSI benefits (Kubik 1999). It is difficult to
analyze the validity of these claims and I do not attempt to do so here. For the purposes
of this paper, it is sufficient that the liberalization of child SSI disability criteria led to an
increase in the demand for SSI benefits, which implies an increase in the demand for disability
screenings among children.
2.3 Empirical Strategy
We would like to know how SE enrollment changes with the supply of SSI benefits. Using
SSI recipiency as a proxy for SSI benefit supply, the equation of interest is:
ln(SE)st = -Iln(SSI)st + y- Xst + a + Tt + est (2.2)
where SE is the number of children enrolled in Special Education and SSI is the number
of children receiving SSI in state s and year t. All of these variables include only children
under age 18.15 State and year fixed effects are given by as and Tt, respectively, Xst is a
vector of state and time-varying controls and includes an intercept, and ,st is a random error
term. The regression is specified in natural logarithms because states in which the gain to
SSI was largest had both higher initial levels of SSI and larger growth in SSI post-Zebley.
In an OLS regression of Equation (2.2), / will be a biased estimate of the impact of SSI
benefit expansion on SE enrollment if changes in the supply of SSI benefits are correlated
with state-level changes in the demand for benefits (e.g. due to changes in the health and
poverty of the child population).16
In order to estimate the direct impact of changes in SSI benefit generosity on SE en-
rollment, I employ an instrumental variables strategy that exploits the interaction between
two sources of variation. First is the change in SSI eligibility criteria following Zebley, which
induced an increase in child SSI recipiency of more than 250 percent. Since child SSI awards
peaked in 1993 (Figure 2.2a) I consider the period of post-Zebley benefit expansion to be 1990
to 1993 and use 1986 to 1989 to estimate the pre-Zebley relationship between SSI and SE. If
demand for SE placement is responsive to increases in SSI benefit supply, then SE enrollment
should increase after Zebley. It is unlikely, however, that the increase in SE enrollment after
1990 can be entirely attributed to changes in SSI. For example, it is likely that the Zebley
decision was partly the result of the increasing diagnosis of mental and emotional disabilities,
which would independently lead to a rise in SE enrollment over this period. In order to
minimize these confounding factors, I exploit cross-state differences in the financial gain to
switching a child from AFDC to SSI. The basic first stage regression for this IV strategy is:
ln(SSI)st = 7r - (SSIGainst -POSTt) + _Y2 " Xst + as + 7t + Vst (2.3)
where SSIGain is defined in Equation (2.1) and is equal to the difference between the federal
"'The SE variable includes children ages 6 - 17, since eligibility for 3 - 5 year olds changed significantly over
this period. SSI recipiency is not broken down to finer age categories than 0 - 17, but the SSI applications
variable that I use below is for 6 - 17 year olds. I find no difference between the first stage coefficients using
SSI applications or SSI awards for 6 - 17 and for 0 - 17 year olds, so it is unlikely that the impact of the
benefit expansion on SSI recipiency is different for these two groups.
'"While SSI is a federal program, states agencies are responsible for the disability determination and have
some discretion over these decisions for disabilities with relatively broad guidelines. States experiencing
negative fiscal shocks might exert pressure over these agencies to move more cases from AFDC/TANF to SSI
(Kubik 2003).
SSI benefit level and the loss to family's AFDC benefits from moving from a three- to a
two-person household. The POST variable is a dummy variable equal to one after 1989. In
this specification, a positive and significant estimate of 7r implies that the increase in child
SSI recipiency was higher in states with larger gains to switching a child from AFDC to SSI.
The vector Xst includes covariates likely to influence both SSI and SE take-up rates, such
as the size of the child population, unemployment, poverty and school enrollment rates. In
some specifications, I include the level of maximum AFDC benefits for a family of three in
the vector Xst. In these specifications the financial incentive to switching a child to SSI from
AFDC is identified only off of the slope of the AFDC benefit schedule with respect to family
size. Controlling for the level of AFDC benefits is important if, for example, families are
more responsive to the gain to SSI when the level of AFDC benefits is low. I show below
that r is not significantly affected by the inclusion of any of these covariates.
In order for Equation (2.3) to yield an unbiased estimate of the impact of financial incen-
tives on SSI enrollment, it must be the case that the acceptance rate for SSI applications is
not correlated with the SSIGain variable. If, for example, states with higher levels of AFDC
payments (i.e. states in which the gain to switching to SSI is lower) try to encourage SSI
enrollment with higher acceptance rates, then 7r could be understating the impact of financial
incentives on SSI enrollment. I thus also run a version of Equation (2.3) in which I control
for the ratio of child SSI awards to applications in each state and year.
One potential problem with using SSI recipiency to measure the response to benefit gen-
erosity is that it includes the recipients who had applied for SSI prior to Zebley and received
retroactive benefits. Children in this retroactive class faced different incentives than new
applicants. These children were potentially eligible for a lump sum payment that was prob-
ably large relative to the cost of re-adjudication and thus had a strong incentive to re-apply
regardless of their state's AFDC benefit schedule (Garret and Glied 2000). Much of the in-
crease in SSI recipiency stemming from this retroactive class is therefore likely to be absorbed
by the year fixed effects. Because the SSI and AFDC levels that existed when these children
originally applied are very highly correlated with those at the time of re-adjudication, the
presence of retroactive recipients will cause the first stage estimates to be biased downward.
A measure of the response to SSI benefit generosity that is not influenced by retroactive
determinations is child SSI applications. I thus also estimate the first stage specifications
with SSI applications as the dependent variable and show below that it yields similar results,
yielding comparable estimates of the impact of SSI benefit expansion on SE enrollment. 17
The impact of financial incentives on demand for SE placement is given by the reduced
form equation:
ln(SE),t = . (SSIGainst -POSTt) + 7Y2 XSt + Oa + Tt + Vst (2.4)
In order for this IV strategy to yield the direct impact of SSI benefit expansion on SE
enrollment, it must be the case that SE enrollment is correlated with the gain to switching
to SSI only through its impact on SSI enrollment. One plausible threat to this exclusion
restriction is that state-specific health shocks lead to changes in SE enrollment and changes
in the AFDC benefit schedule. A reasonable specification check then is to estimate Equations
(2.3) and (2.4) using the gain to switching to SSI in 1989 (the year before Zebley). I show
below that the results are very similar when the gain to SSI is fixed in 1989, or is allowed to
vary by year.
2.4 Impact of SSI Benefit Generosity on Child SSI Recipients
and Applications
It is evident from Figure 2.1 that child SSI enrollment grew rapidly after the changes to
eligibility criteria in 1990. Table 2.2 illustrates that this increase was largest for states in
which the gain to switching a child from AFDC to SSI was largest. Column (1) presents the
coefficient of interest from the basic first stage regression (Equation (2.3)), with standard
errors clustered by state in parenthesis. I find a significant coefficient of .0015 on the instru-
mental variable (SSIGainst -POSTt). The mean of the dependent variable is 8.35 (4230
children) and the mean of SSIGain is $505. Therefore, these estimates imply that child SSI
recipiency increased by an average of 113 percent (from 4230 to 9000 children) after Zebley.
This suggests that SSI enrollment is very sensitive to financial incentives, and that variation
"7Ideally, one would like to use application rates for SSI and for SE to measure the response to incentives,
but no such measure exists for SE. Perhaps a second best approach would be to use SSI application rates and
flows into SE, but this latter measure is not collected by state either.
in AFDC benefit schedules induced significant differences across states in post-Zebley SSI
growth. Child SSI recipiency increases by .15 log points for a $100 increase in the gain to
SSI. The gain to SSI in 1990 varied across states from about $400 to $600, so these estimates
suggest that child SSI recipiency grew by 35 percent (.3 log points) more in the highest
SSIGain states than in the lowest.
The rest of the results in Table 2.2 serve as specification checks. Column (2) estimates
the same basic specification as Column (1), but uses only the gain to switching to SSI in
1989. The coefficient estimate is .0013, which is slightly lower than, but not statistically
significantly different from, the estimate in Column (1). This suggests that, if states with
relatively high AFDC payments (i.e. low levels of SSIGain) changed their AFDC benefit
schedules to encourage SSI enrollment (or had higher application acceptance rates), these
changes were not substantial. Controlling for the unemployment rate, poverty rate and school
enrollment rate (Column (3)) has basically no impact on the coefficient estimate, suggesting
that these results cannot be explained by health and income shock variation across states.
The specification in Column (4) controls for the level of the maximum AFDC benefit to a
family of three in each state and year. The coefficient estimate from this specification is very
close to that in Column (1), suggesting that (after controlling for state fixed effects) it is the
slope of the AFDC benefit schedule with respect to family size that influences SSI switching
rates. This is encouraging evidence that the exclusion restriction holds, since it is likely
that any confounding sources of variation that are omitted from the regression are correlated
with the level of AFDC benefits in a state, rather than the slope of its benefit schedule. The
coefficient estimate in Column (5) illustrates that the instrumental variable is unaffected when
controlling for the application acceptance rate in each state and year, suggesting that states
with lower gains to SSI did not adapt their acceptance rates to encourage more applicants.
The last column in Table 2.2 presents coefficient estimates from the following version of
the basic first stage specification:
ln(SSI)st = r -(SSIGainst -POSTt) + w -(SSIGainst . d1989 ) + 2 - Xst + Os + Tt + Wst (2.5)
where dl 989 is a dummy variable equal to one in 1989. In Equation (2.5), w measures the
relationship between the gain to SSI within a state and SSI recipiency prior to the Zebley
decision. The purpose of this specification is to check whether the differential impact of Zebley
on SSI recipiency in states with higher gains to SSI can be explained by characteristics of
these states that existed prior to Zebley. The coefficient estimate on (SSIGainst • d1989 ) is
small but significant, indicating a smaller positive relationship between benefit generosity and
recipiency in the period prior to Zebley. The coefficient on (SSIGainst -POSTt) is unchanged
in this specification, suggesting that the estimated impact of Zebley on states with higher
gains to SSI cannot be explained by pre-existing state characteristics.
Table 2.3 estimates the same basic first stage specifications as Table 2.2, with the natural
logarithm of child SSI applications as the dependent variable. The coefficient estimate from
the most basic specification (Column 1), is positive and significant at .0017. As anticipated,
the granting of retroactive awards caused the first stage estimates using SSI recipiency to
be biased downward, although the bias is modest at .002 log points. At the mean level of
applications and SSIGain, this implies that annual child SSI applications increased by 132
percent (from 1224 to 2842 awards per year) after Zebley and that applications increased by
75 percent more in the highest SSIGain states than in the lowest.
The other columns in Table 2.3 are the same specification checks as in Table 2.2, and
yield similar results for SSI applications as they did for recipients. It is not surprising that
the impact of SSI benefits on child applications is more influenced by the inclusion of covari-
ates related to poverty and unemployment than child recipiency (Column 3). This suggests
that applications are more responsive to SSI benefits when poverty and unemployment are
high. Otherwise, the coefficient of interest is largely unchanged across specifications, and the
relationship between SSIGain and child applications in the period before Zebley (Column
(5)) is very small and insignificant. Figures 2.4 and 2.5 plot coefficient estimates from a
flexible form of Equation (2.3) with a full set of year dummies interacted with SSIGain (the
omitted category is (SSIGainst . d1986) ). Coefficient estimates plotted in these figures, along
with standard errors and p-values on an F-test of joint significance are presented in Table
2.4. Prior to Zebley, coefficient estimates are small, but indicate that SSI applications and
recipiency was higher in states with larger gains to SSI. Before 1990, there is no clear trend
in the impact of SSIGain on demand for SSI, as coefficient estimates are rising slightly for
recipiency and falling slightly for applications. In both cases, the impact of SSIGain begins
to grow in 1990, and the coefficient estimates become larger and more significant.
2.5 Impact of SSI Benefit Generosity on Special Education
Enrollment
2.5.1 Reduced Form Impact of Benefit Generosity on SE Enrollment
The reduced form estimates of SSI benefit expansion on SE enrollment are presented in
Table 2.5. They are estimated from variations of Equation (2.4). These estimates indicate
a large increase in demand for SE services in response to the increase in financial incentives.
Column (1) presents the coefficient on (SSIGainst - POST) in the most basic specification.
I estimate a positive and significant coefficient of .0003. Given a mean in the dependent
variable of 10.8 (roughly 49,000 children) and a mean value of SSIGain of $500, this estimate
implies that the average state saw a post-Zebley increase in SE enrollment of 15 percent (an
increase of roughly 7500 children). While the Zebley decision led to a substantial increase
in SE enrollment, variation in the level of incentives had an important impact on cross-
state differences in SE growth. These estimates imply that the highest SSIGain states saw
post-Zebley increases in SE of 18.5 percent, while the states with the lowest incentives had
increases closer to 12 percent. These reduced form estimates imply that SE enrollment is
responsive to changes in financial incentives, increasing by 0.26 percentage points for every
$100 increase in the gain to SSI.
The reduced form estimates are very stable across specifications (Columns (2) - (5)). This
is encouraging evidence that it was the higher gain to enrolling in SSI, and not some other
factor correlated with this financial incentive, that induced larger increases in SE enrollment
after Zebley. The pattern evident in Figure 2.6, which plots the reduced form coefficients
on the yearly interactions with SSIGain, is also supportive of the exclusion restriction. The
coefficients (presented in Table 2.4, Column (3)) are tiny and insignificant prior to Zebley and
become increasingly large and significant after 1989. This figure clearly suggests that variation
in SE enrollment captured by the instrumental variable follows the pattern of changes to child
SSI recipiency and applications (Figures 2.4 and 2.5).
2.5.2 OLS and IV Estimates of the Relationship between SSI and SE
Table 2.6 presents OLS and IV estimates of the relationship between SSI recipiency and SE
enrollment. The OLS estimates in the first three columns of Panel A indicate that states with
higher rates of children applying for SSI also have significantly higher rates of SE enrollment.
However, once state and year fixed effects are controlled for (Columns (4) - (6)), the OLS
relationship between SSI and SE is small and insignificant. Coefficient estimates in Panel
B use SSIGain*POST as an instrument for SSI recipiency and are remarkably stable across
specifications. These IV estimates imply that a 100 percent increase in SSI recipiency leads
to a 12 to 18 percent increase in SE enrollment. Given the result that the average state saw
a post-Zebley increase in SSI recipiency of 113 percent, and taking the average IV coefficient
estimate of about .14, these estimates imply that the SSI benefit expansion led to an increase
in SE enrollment of roughly 15 percent. This is the same predicted increase in SE that was
found using the reduced form estimates. If the SSI benefit expansion led children to enroll in
SE who did not eventually apply for or receive SSI benefits, then the reduced form estimates
would be capturing aspects of the incentive effect on SE that the IV estimates would not.
The fact that the reduced form and IV coefficients predict the same increase in SE enrollment
is encouraging evidence that the IV estimates are capturing the true relationship between
SSI and SE.
While the financial incentives brought on by the Zebley decision led to a substantial
increase in SE enrollment, I do not find that cross-state variation in SSI can explain much
of the observed variation in SE enrollment. Taking the IV coefficient estimate in Column
(2) (which does not include state fixed effects), and using an observed variance of 1.25 and
1 in the natural logarithm of SSI recipiency and SE enrollment respectively (in 1993), these
estimates suggest that roughly 1.5 percent of the cross-state variation in SE can be explained
by variation in child SSI enrollment.
2.6 Conclusion
With 14 percent of public school students in Special Education and expenditures growing to
accommodate these students, attention has been increasingly focused on how schools use
SE placement to respond to fiscal incentives and accountability standards. Relatively little
attention has been given, however, to how families respond to incentives for SE placement.
This paper is the first to explore how parents respond to fiscal incentives to have a child
screened for a disability. I find that the cash benefits a disabled child can receive from the
federal SSI program provide a strong incentive for parents to have their child screened for
SE placement. While these results speak to the responsiveness to financial incentives for
SE placement, future research focusing on how parents respond to other incentives, such as
class size and SE program quality, may help to explain large cross-sectional differences in SE
enrollment. More broadly, these results suggest that reforms to entitlement programs that
make eligibility conditional on child health should consider spillovers into Special Education
programs.
2.7 Data Appendix
2.7.1 Special Education Enrollment
Annual, state-level data on Special Education enrollment by age group and disability category
are published in the Office of Special Education Programs Annual Report to Congress on the
Implementation of the Individuals with Disabilities Act (IDEA) series. Data for children
over age 3 is published in the data tables for IDEA Part B enrollment. Compiled data was
generously provided by Westat.
2.7.2 Supplemental Security Income (SSI) Recipients, Applicants, Recip-
ient Characteristics and Benefit Levels
Annual, state-level data on the number of SSI recipients under age 18 are taken from various
years of the Social Security Administration's Annual Statistical Supplement. This variable
contains all blind and disabled children receiving federally-administered SSI as of December
of each calendar year. Characteristics of SSI recipients by age group reported in Table
2.1 are taken from the same publication. Annual, state-level data on the number of SSI
applicants by age group (0-17, 18-64 and 65+) was generously provided by Clark Pickett
of the Social Security Administration. Federal SSI benefit levels are the maximum federal
benefit as reported in various years of the Social Security Administration Annual Statistical
Supplement. Benefit levels are adjusted to 2003 dollars using the Consumer Price Index for
All Urban Consumers.
2.7.3 Aid to Families with Dependent Children (AFDC) Benefit Levels
Annual, state-level AFDC benefits are taken from various years of the Ways and Means
Committee Overview of Entitlement Programs (Green Book). Maximum benefit levels for a
family of three (single mother with two children) and a family of two (single mother with one
child) are adjusted to 2007 dollars using the Consumer Price Index for All Urban Consumers.
2.7.4 School Enrollment
Annual, state-level total school enrollment data is taken from various years of the Office
of Special Education Programs Annual Report to Congress on the Implementation of the
Individuals with Disabilities Act (IDEA) series. This data is not broken down by age group.
2.7.5 Poverty and Unemployment Rates
Annual, state-level data on the number and percentage of people living in poverty is taken
from the U.S. Census Bureau's Historical Poverty Tables, available at http://www.census.gov/hhes/www/povert
Monthly, state-level unemployment rates (seasonally-adjusted) are taken from the Bureau of
Labor Statistics Local Area Unemployment Statistics and are averaged to construct an annual
state-level unemployment rate.
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Figure 2.1a. SSI Recipients Under Age 18
Figure 2.1b. SSI Recipiency Rate per Child Population (Under Age 18)
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Figure 2a. Child SSI Applications and Awards
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Figure 2.2b. Child SSI Application and Award Rate per Child Population
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Figure 2.3a. Child SSI Recipiency Rates and Benefit of SSI Relative to AFDC (1989)
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Figure 2.3b. Change in Child SSI Recipiency Rates (1989-1996) and Benefit of SSI Relative
to AFDC (1989)
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Figure 2.4. The Impact of SSI Benefit Generosity Relative to AFDC (SSIGain) on Child
SSI Recipiency
Figure 2.5. The Impact of SSI Benefit Generosity Relative to AFDC (SSIGain) on Child
SSI Applications
Dependent Variable is Ln(Child SSI Applications)
0.005
0.004
0.003
0.002
0.001
19931991198919881987
"A 1990 1992
-v.vv I
I I
Figure 2.6. The Impact of SSI Benefit Generosity Relative to AFDC (SSIGain) on Special
Education
Dependent Variable is Ln(SE Enrollment)
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Table 2.1. Characteristics of SSI Recipients by Age Group
1989 1996 2002
Age Group (1) (2) (3)
0-17 0.26 0.96 0.91
Number of Reciients 18-64 2.30 3.57 3.88(Millions) 65+ 2.03 2.09 2.00
0-17 0.06 0.14 0.13
Share of Total Recipients 18-64 0.50 0.54 0.57
over 64 0.44 0.32 0.29
0-17 0.35 0.26 0.37
Application Acceptance 18-64 0.3 0.41 0.3618-64 0.39 0.41 0.36Rate
over 64 0.78 0.76 0.65
0-17 0.42 0.37 0.27
Fraction with Mental
18-64 0.24 0.25 0.24Retaraatlon
over 64*
Fraction with Mental
Disorder other than Mental
0-17
18-64
0.07
0.28
Retardation over 64*
0-17 0.58
Fraction Male 18-64 0.34
over 64 0.28
Source: Social Security Administration Annual Statistical
*Most SSI recipients aged 65 and over are not disabled.
0.24
0.33
0.64
0.44
0.28
Supplement,
0.37
0.35
0.64
0.43
0.29
various years.
Table 2.2. First Stage: Impact of SSI Benefit Expansion on Child SSI Recipiency
Dependent Variable: Ln(Child SSI Recipients)
(1) (2) (3) (4) (5) (6)
SSIGain*POST .0015 .0014 .0016 .0015 .0016
(.0005) (.0006) (.0004) (.0005) (.0005)
SSIGain89*POST .0013
(.0004)
SSIGain *1989 .0006
(.0002)
State *year Controls x
Control for AFDC
Benefit Level x
Control for SSI
Acceptance Rate x
Notes: Sample is all 50 states between 1986-1993. See Data Appendix for description of data
sources. Standard errors are in parenthesis and are clustered by state.
Each column is an OLS regression of the natural logarithm of the number of child SSI recipients
ages 0 to 17 on either SSIGain *POST or SSIGain89 *POST, as indicated by row.
All specifications include year and state fixed effects and control for the natural logarithm of
the child population. SSIGain is the monthly gain (in 2007 dollars) to switching a child from
AFDC to SSI (for a two child household with a single mother). SSIGain89 is SSIGain in 1989.
POST is a dummy equal to one after 1989. SSIGain* 1989 is the SSIGain variable interacted
with a year dummy for 1989. State*year controls include unemployment rate, poverty rate
and the natural logarithm of total school enrollment. The specification in Column (4) controls
for the montly AFDC benefit (in 2007 dollars) for a family of three. The specification in
Column (5) controls for the ratio of child SSI awards to applications by state and year.
To interpret magnitudes, note that the mean of the dependent variable is 8.35, the mean
of SSIGain is $505 and the mean of SSIGain89 is $497.
Table 2.3. First Stage: Impact of SSI Benefit Expansion on Child SSI
Applications
Dependent Variable is Ln(Child SSI Applications)
(1) (2) (3) (4) (5)
SSIGain*POST .0017 .0025 .0017 .0017
(.0006) (.0006) (.0005) (.0006)
SSIGain89*POST .0013
(.0005)
SSIGain *1989 -.0001
(.0005)
State *year Controls x
Control for AFDC
Benefit Level x
Notes: Sample is all 50 states between 1986-1993. See Data Appendix for
description of data sources. Standard errors in parenthesis are clustered by state.
Each column is an OLS regression of the natural logarithm of the number of child
(ages 6-17) SSI applications on either SSIGain *POST or SSIGain89 *POST, as
indicated by row. All specifications include year and state fixed effects and
control for the natural logarithm of the child population. SSIGain is the monthly
gain (in 2007 dollars) to switching a child from AFDC to SSI (for a two child
household with a single mother). SSIGain89 is SSIGain in 1989.
POST is a dummy equal to one after 1989. SSIGain* 1989 is the SSIGain
variable interacted with a year dummy for 1989. State*year controls include the
unemployment rate, poverty rate and the natural log of total school enrollment.
The specification in Column (4) controls for the montly AFDC benefit
(in 2007 dollars) for a family of three. To interpret magnitudes, note that the mean
of the dependent variable is 7.11, the mean of SSIGain is $501 and the mean of
SSIGain89 is $497.
Table 2.4. Impact of SSI Benefit Expansion on SSI and Special
Education (SE):
Coefficients on Interactions between Year and Gain to Switching a
Child from AFDC to SSI (SSIGain)
Ln(Child SSI
Recipients)
Dependent Variable:
Ln(Child SSI
Applications)
Ln(SE
Enrollment)
SSIGain*1987
SSIGain * 1988
SSIGain *1989
SSIGain *1990
SSIGain*1991
SSIGain *1992
SSIGain *1993
(1)
.0002
(.0001)
.0004
(.0002)
.0006
(.0003)
.0008
(.0003)
.0015
(.0004)
.0023
(.0005)
.0027
(.0006)
(2)
.0020
(.0007)
.0014
(.0006)
.0010
(.0006)
(3)
.0000
(.0001)
.0001
(.0001)
.0001
(.0002)
.0024
(.0008)
.0030
(.0008)
.0027
(.0008)
.0032
(.0008)
.0003
(.0002)
.0004
(.0002)
.0004
(.0003)
.0004
(.0003)
P-value for F- Test of
Joint Significance .0008 .0052 .0106
Notes: Sample is all 50 states between 1986-1993. See Data Appendix
for description of data sources. Standard errors in parenthesis are
clustered by state. Each column is an OLS regression of the dependeni
variable indicated by column on a full set of SSIGain*Year interactions
(SSIGain* 1986 is excluded). All specifications include year and state
fixed effects. SSIGain is the monthly gain (in 2007 dollars) to switching
a child from AFDC to SSI (for a two child household with a single mother).
Table 2.5. Reduced Form: Impact of SSI Benefit Expansion on Special Education Enrollment
Dependent Variable: Ln(SE Enrollment)
(1) (2) (3) (4) (5)
SSIGain*POST .0003 .0002 .0003 .0003
(.0001) (.0001) (.0001) (.0001)
SSIGain89*POST .0004
(.0002)
SSIGain *1989 .0000
(.0001)
State *year Controls x
Control for AFDC Benefit
Level x
Notes: Sample is all 50 states between 1986-1993. See Data Appendix for description
of data sources. Standard errors are in parenthesis and are clustered by state.
Each column is an OLS regression of the natural logarithm of the number of children in
Special Education (ages 6-17) on either SSIGain *POST or SSIGain89 *POST, as indicated by row.
All specifications include year and state fixed effects and control for the natural logarithm of the child
population. SSIGain is the monthly gain (in 2007 dollars) to switching a child from AFDC to SSI
(for a two child household with a single mother). SSIGain89 is SSIGain in 1989. POST is a dummy
equal to one after 1989. SSIGain *1989 is the SSIGain variable interacted with a year dummy for 1989.
State*year controls include unemployment rate, poverty rate and the natural log of total school enrollment.
The specification in Column (4) controls for the montly AFDC benefit (in 2007 dollars) for a
family of three. To interpret magnitudes, note that the mean of the dependent variable is
10.8, the mean of SSIGain is $501 and the mean of SSIGain89 is $497.
Table 2.6. OLS and IV Estimates of the Relationship between Special
Education and Child SSI Recipiency
Dependent Variable: Ln(SE Enrollment)
(1) (2) (3) (4) (5) (6)
Panel A: OLS
.101 .098 .096 .015 -.009 .039
(.015) (.022) (.007) (.028) (.027) (.028)
Panel B: IV
.122 .091 .127 .185 .124 .164
(.024) (.048) (.008) (.076) (.089) (.065)
Year Fixed Effects x x x x
State Fixed Effects x x x x
State *year Controls x
Control for AFDC
Benefit Level x
Notes: Sample is all 50 states between 1986-1993. See Data Appendix for description
of data sources. Standard errors are in parenthesis and are clustered by state.
Each column in Panel A is an OLS regression of the natural logarithm of SE Enrollment
on the natural logarithm of SSI recipients. Each column in Panel B is an IV regression
of the natural logarithm of SE Enrollment on the natural logarithm of SSI recipients,
where the independent variable is instrumented with SSIGain*POST.
State*year controls include unemployment rate, poverty rate and the natural log of total
school enrollment. The specification in Column (6) controls for the montly AFDC
benefit (in 2007 dollars) for a family of three.
Chapter 3
Free Distribution or Cost-Sharing?:
Evidence from a Randomized
Malaria-Prevention Experiment
3.1 Introduction
There is a general consensus that subsidizing health products with positive externalities can
improve welfare. But this consensus coexists with a long-running debate on the extent to
which the primary beneficiaries of goods with public health externalities should share the
costs of those goods. One argument that has recently gained prominence is that charging
non-zero prices for health goods is likely to improve the efficacy of public health interventions
by reducing wastage from giving the good to those who do not need it or will not use it. This
argument rests on two postulated effects of positive prices on usage intensity. First, a selection
effect: charging a positive price could select out those who do not value the good and place
it only in the hands of those who are likely to use it (Oster, 1995). Second, a psychological
effect: Paying a positive price for a good could induce people to use it more if they exhibit
"sunk cost" effects (Thaler, 1980; Ashraf et al., 2007). 1
While cost-sharing may lead to higher usage intensity than free distribution, it also reduces
'Higher prices may also encourage usage if they are interpreted as a signal of higher quality (Bagwell and
Riordan 1991, Riley 2001), but we do not explore that possibility in this paper.
program coverage by dampening demand. A number of experimental and field studies indicate
that there may be special psychological properties to zero financial price and that demand may
drop precipitously when the price is raised slightly above zero (Ariely and Shampan'er 2004,
Kremer and Miguel, 2007). Beyond reducing demand, selection effects are not straightforward
in the context of credit and cash constraints. That is, if people who cannot afford to pay a
positive price are more likely to be sick and need the good, then charging a positive price
would screen out the neediest and could significantly reduce the health benefits of the partial
subsidy.
In the end, the relative benefits of various levels of subsidization of health products with
positive externalities depend on a few key factors: 1) the elasticity of demand with respect to
price, 2) the elasticity of usage with respect to price (which potentially includes both selection
and psychological effects), 3) the impact of price variation on the vulnerability (i.e. need) of
the marginal consumer and, finally, 4) the way in which price-elasticity and usage-elasticity
combine to reach levels of coverage that allow strong social benefits to emerge.
This paper is the first to estimate all of these parameters simultaneously and to explore
the tradeoffs between free distribution and cost-sharing. We randomized the price at which
pregnant women could purchase a long-lasting insecticide-treated bed net (ITN), a health
good used to prevent malaria infection which has been proven highly effective in reducing
maternal anemia and infant mortality. We worked with 20 prenatal clinics and randomized
the price at which they could sell ITNs to their clients. Four price levels were used, ranging
from 0 (free distribution) to 40 Kenyan Shillings ($0.60). ITNs were thus heavily-subsidized,
with the highest price corresponding to a 91 percent subsidy, comparable to the subsidies
offered by the major cost-sharing interventions operating in the area. To check whether
women who need the net most are willing to pay more for it, we measured hemoglobin levels
(a measure of anemia and an important indicator of malaria in pregnancy) at the time of the
prenatal visit. To estimate the impact of price variation on usage, we visited a sub-sample
of women at home to check whether they still had the net and whether they were using it.
The relationship between prices and usage that we estimate based on follow-up home
visits is the combined effect of selection and sunk cost effects. 2 To isolate these separate
2 The correlation between prices and usage is also potentially the product of signaling effects of prices.
channels, we follow Ashraf, et al. (2007) and implement a randomized, two-stage pricing
design. In clinics charging a positive price, a sub-sample of women who decided to buy the
net at the posted price could participate in a lottery for an additional discount; for women
who participated in this second-stage lottery, the actual price ranged from 0 to the posted
price. Among those women who agreed to pay a given posted price, any variation in usage
with the actual price paid should be the result of psychological sunk cost effects. Taken
together, both stages of this experimental design enable us to estimate the relative merits of
free distribution and varying degrees of cost-sharing on uptake, selection, and usage intensity.
We find that the uptake of ITNs drops significantly at modest cost-sharing prices. While
we do not find a large drop in demand when the price increases from zero to slightly above
zero ($0.15), demand drops by 60 percent when the price is increased from zero to 40Ksh
($0.60). This latter price is still 10Ksh ($0.15) below the prevailing cost-sharing price offered
to pregnant women in this region through the non-profit organization Population Services
International (PSI). Our estimates suggest that of 100 pregnant women receiving a net under
full-subsidy, only 25 of them would purchase a net at the prevailing cost-sharing price. We do
find evidence that cost-sharing induces selection of women who need the net more: women
who pay higher prices appear sicker in terms of measured anemia (an important indicator
of malaria infection) than recipients of free nets, and women who do not purchase an ITN
when the price is non-zero do not appear sicker than the average woman visiting a prenatal
clinic.3  However, we find no evidence that usage intensity is increasing with the price of
ITNs. Women who paid the highest price were slightly (though insignificantly) more likely
to be using the net than women who received the net for free, but at intermediate prices the
opposite was true, showing no clear relationship between the price paid and probability of
usage, as well as no discontinuity in usage rates between zero and positive prices. Further,
when we look only at women coming for their first prenatal care visit (the relevant long-run
group to consider) usage is highest among women receiving the fully-subsidized net. Women
who received the net free were also no more likely to have re-sold the net than women paying
3We chose to use hemoglobin levels (used to determine anemia) to measure the presence of malaria for a
number of reasons. First, it is commonly believed to be the morbidity measure most sensitive to changes in
malaria transmission. Second, malaria parasitology tests frequently yield false positives due to the presence
of antibodies. Third, the existence of simple, rapid diagnostic machines for measuring hemoglobin (Hemocue
analyzers) made the implementation of this test in all clinics and for all patients straightforward and reliable.
higher prices.
The finding that there is no overall effect of ITN prices on their usage suggests that any
potential psychological effects of prices are minor and insignificant for this health product.
The absence of sunk cost effects is supported by the results from our second-stage random-
ization, in which we find no significant effect of the actual price paid (holding the posted
price constant) on usage. This result is consistent with other recent field work on the sunk
cost effect of prices on usage of another health product (Ashraf et al. 2007). 4
Taken together, our results suggest that cost-sharing ITN programs may have difficulty
reaching a large fraction of the populations most vulnerable to malaria. While women pur-
chasing nets at higher prices are more likely to be anemic than recipients of free nets, the
number of anemic women acquiring an ITN at these prices is much lower than it is when nets
are fully-subsidized, because uptake shrinks so substantially with price. Further, because the
drop in demand induced by higher prices is not offset by increases in usage, the level of cov-
erage induced by cost-sharing is likely to be too low to achieve the strong social benefits that
ITNs can confer. When we combine our estimates of demand elasticity and usage elasticity
in a model of cost-effectiveness that incorporates both private and social benefits of ITNs on
child mortality, we find that for reasonable parameters, free distribution is more cost-effective
than partial-but-still-highly subsidized distribution such as the cost-sharing program for ITNs
that is currently underway in Kenya. We also find that, for the full range of parameter values,
the number of infant lives saved is highest when ITNs are distributed free.
The remainder of the paper proceeds as follows. Section 3.2 provides background infor-
mation on ITNs and describes the experiment and the data. Section 3.3 describes the results
on price elasticity of demand, price elasticity of usage, and selection effects on health. Section
3.4 presents a cost-effectiveness analysis, and Section 3.5 concludes.
4 Ashraf et al. (2007) find a positive but insignificant effect of the act of paying on usage of a water-treatment
product, whereas we find a negative but insignificant effect of the act of paying on usage of a bednet. One
difference in the studies is that Ashraf et al. (2007) examine a door-to-door marketing program, whereas the
free nets in our study were distributed through health facilities. Another difference is that people in our study
where particularly vulnerable in terms of health (pregnant women).
3.2 Background and Experimental Set-Up
3.2.1 Background on Insecticide-Treated Nets (ITNs)
ITNs have been shown to reduce overall child mortality by up to 38 percent in regions of
Africa where malaria is the leading cause of death among children under 5. 5 '6 ITN coverage
protects pregnant women and their fetuses from the serious detrimental effects of maternal
malaria. Sleeping under an ITN has been shown to reduce severe maternal anemia (the
morbidity measure most sensitive to changes in malaria transmission levels) by up to 47
percent during pregnancy (Marchant et al. 2002, Ter Kuile et al. 2003). In addition, ITN
use can help avert some of the substantial direct costs of treatment and the indirect costs of
malaria infection on lost income. 7
Despite the proven efficacy and increasing availability of ITNs on the retail market, the
great majority of pregnant women and children in sub-Saharan Africa do not use an ITN.8
At $5 - $7 a net (US$ in PPP), they are unaffordable to most families, and so governments
and NGOs distribute ITNs at heavily subsidized prices. 9 However, the price that is charged
for the net varies greatly by the distributing organization, country and consumer.
In this context, ITNs have become a key element in the debate over how to price vital
public health products in developing countries. Proponents of cost-sharing ITN distribution
programs, such as PSI, believe that charging a positive price is needed to screen out people
who will not use the net, and thus avoid wasting the subsidy on non-users. Cost-sharing
programs often have a "social marketing" component, which uses mass media communication
strategies and branding to increase the consumer's willingness to pay (PSI 2003, Schellenberg
5 D'Alessandro et al. (1995), Nevill et al. (1996), Binka et al. (1996), Phillips-Howard et al. (2003). Earlier
estimates of ITN use on reductions in child mortality from a randomized trial in Gambia were as high as 60
percent (Alonso, et al. 1991), but most estimates from randomized trials in Africa are closer to 20 percent.
6 The case for fully-subsidizing ITNs has also been made on the basis of the substantial costs to the
government of hospital admissions and outpatient consultations due to malaria (Evans et al. 1997).
7In a study conducted in Kenya, Chuma, et al. (2006) estimate that 7.1 and 5.4 percent of monthly
expenditures are devoted to the direct and indirect costs of malaria infection, respectively. Among the poorest
households, these figures were 11 and 8.1 percent, respectively. Ettling et al. (1994) find that poor households
in a malaria-endemic area of Malawi spend roughly 28 percent of their cash income treating malaria episodes.
8The most recent household data available (from the World Health Organization's World Malaria Report
(2005)) indicates that less than 10 percent of children in Kenya, where this evaluation takes place, sleep under
an ITN.
9 Guyatt et al. (2002), Cham et al. (1997), Okrah, et al. (2002), Holtz, et al. (2002) and Winch, et al.
(1997).
et al. 1999 and 2001). The goal is to shore up demand and usage by making the value of
ITN use salient to consumers.
Proponents of full-subsidization point out that, while the private benefits of ITN use can
be substantial, ITNs also have important positive health externalities, deriving from reduced
disease transmission. 10 In a randomized trial of an ITN distribution program at the village
level in Western Kenya, the positive impacts of ITN distribution on child mortality, anemia
and malaria infection were as strong in control villages within 300 meters of intervention
villages as they were in the intervention villages themselves (Gimnig et al., 2003; Hawley et
al., 2003). 11 While ITNs may have positive externalities at low levels of coverage (e.g. for
unprotected children in the same household), it is estimated that at least 50 percent coverage
is required to achieve strong community effects on mortality and morbidity (Hawley et al.
2003). To date, no cost-sharing distribution program seems to have reached this threshold
(WHO, 2007).
3.2.2 Experimental Set-Up
The experiment was conducted in 20 communities in Western Kenya, spread across four
districts.12 Malaria is endemic in this region of Kenya: transmission occurs throughout the
year with two peaks corresponding to periods of heavy rain. In two nearby districts, a study
by the CDC and the Kenyan Medical Research Institute found that pregnant women may
receive as many as 230 infective bites during their 40 weeks of gestation (Ter Kuile et al.,
2003). Malaria and anemia are common during pregnancy in Western Kenya and up to a
third of all infants are born either premature, small-for-gestational age or with low birth
weight (Ter Kuile et al., 2003).
The latest data on net ownership and usage available for the region come from the Kenya
Demographic and Health Survey of 2003. It estimated that 19.8 percent of households in
western Kenya had at least one net and 6.7 percent had a treated net (an ITN); 12.4 percent
1'The external effects of ITN use derive primarily from three sources: (1) fewer mosquitoes due to contact
with insecticide, (2) reduction in the infective mosquito population due to the decline in the available blood
supply, and (3) fewer malaria parasites to be passed on to others.
"In a similar study in Ghana, Binka et al. (1998) find that child mortality increases by 6.7 percent with
each 100 meter shift away from the nearest household with an ITN.
'
2The districts are Busia, Bungoma, Butere and Mumias.
of children under 5 slept under a net and 4.8 percent under an ITN; 6 percent of pregnant
women slept under a net the night before and 3 percent under an ITN. 13
Our experiment targeted ITN distribution to pregnant women visiting health clinics for
prenatal care. 14 Distribution was targeted in this way since pregnant women and newborns
are very vulnerable to acquiring and suffering severe consequences from malaria. We worked
with 20 rural health centers chosen from a total of nearly 70 health centers in the region. The
20 health centers we sampled were chosen based on their size, services offered and distance
from each other. We then randomly assigned them to one of five groups: 4 clinics formed the
"control group"; 5 clinics were provided with ITNs and instructed to give them free of charge
to all expectant mothers coming for prenatal care; 5 clinics were provided with ITNs to be
sold at 10Ksh (corresponding to a 97.8 percent subsidy); 3 clinics were provided with ITNs
to be sold at 20Ksh (95.7 percent subsidy); and the last 3 clinics were provided with ITNs
to be sold at 40Ksh (91 percent subsidy). The highest price is 10Ksh below the prevailing
subsidized price of ITNs in this region, offered through PSI to pregnant women at prenatal
clinics. 15 Table 3.1 presents summary statistics on the main characteristics of health centers
in each group.
The ITN distribution program was phased into all clinics between March and May 2007,
and was kept in place for at least 3 months in each clinic, provided the clinic respected the
protocol (price and recipients). Posters were put up in clinics to inform prenatal clients of
the price at which the ITNs were sold. Other than offering a free hemoglobin test to each
woman, we did not interfere with the normal procedures these clinics use at prenatal care
visits, which often include a discussion of the importance of bed net use.
Within clinics where the posted price was positive, a second stage randomization was
conducted on unannounced, random days. On those days, women who had expressed their
13 Net ownership is likely to have gone up since, however. In July 2006, the Measles Initiative ran a one-week
campaign throughout Western Kenya to vaccinate children between 9 months and 5 years of age, distributing
free ITNs to mothers who would bring their children as an incentive mechanism to achieve high coverage with
the vaccine.
'
4 The nets distributed through our program were PermaNets, sold by Vestergaard Frandsen. They are cir-
cular, polyester bed nets, treated with the insecticide Deltamethrin and maintain efficacy without retreatment
for about 3 - 5 years (or about 20 washes).
"Results from a pre-program clinic survey suggest that it is perhaps not appropriate to interpret our results
in the context of widely available ITNs to pregnant women at 50Ksh, as many of the clinics reported the supply
of PSI nets to be erratic and frequently out of stock.
willingness and showed their ability to purchase an ITN at the posted price (by putting the
required amount of money on the counter) were given the opportunity to participate in a
lottery for an additional promotion by picking an envelope from a basket. The final price
paid by women participating in the lottery could be the initial offer price if they picked an
empty envelope; zero if they picked a "free net" envelope; or a positive price below the initial
offer price if the initial price was 40Ksh. 16
3.2.3 Data
Three types of survey data were collected. First, administrative records kept by the clinic on
ITN sales were collected. Second, each clinic was visited three or four times on random days,
and on those days enumerators surveyed all pregnant women who came for a prenatal visit.
Women were asked basic background questions and whether they purchased a net, and their
hemoglobin level was recorded. In total, these measures were collected from 545 pregnant
women. Third, a random sample of 246 prenatal clients who had purchased/received a net
through the program was selected to be visited at their home 3 to 10 weeks after their net
purchase. Of this sub-sample, 92 percent (226 women) were found and consented to be
interviewed. During the home visit, respondents were asked to show the net, whether they
had started using it, and who was sleeping under it. Surveyors checked to see whether the
net was taken out of the packaging, whether it was hanging, and the condition of the net.
3.2.4 Randomization at the Clinic-Level
The price at which ITNs were sold was randomized at the clinic level, but our outcomes of
interest are individual-level behavioral choices: take-up and usage rates. When regressing
individual-level dependent variables on clinic-level characteristics we are likely to overstate
the precision of our estimators if we ignore the fact that observations within the same clinic
(cluster) are not independent (Moulton, 1990; Donald and Lang, 2001). The common option
to compute cluster-robust standard errors, the cluster-correlated Huber-White covariance
matrix method (as in the STATA "cluster" command), is likely to be invalid in our context
16This second-stage randomization started at least 5 weeks after the program had started in a given clinic,
and took place no more than once a week, on varying week days, to avoid biasing the women's decisions to
purchase the ITN based on the expectation of a discount.
due to the small number of clusters (Donald and Lang, 2001; Wooldridge, 2004; Bertrand,
Duflo, and Mullainathan, 2002). Instead, we adjust the nal've OLS standard errors by the
inflation factor, or "design effect" due to the clinic-level clustering. The design effect is given
by:
D = 1 + (m - 1) - p (3.1)
where m denotes the average cluster size and p denotes the intra-cluster correlation coefficient.
We compute the intra-cluster correlation coefficient following Moulton (1986) as presented in
Deaton (1997) for each dependent variable. The larger the intra-cluster correlation coefficient,
i.e. the more similar the clients are within a clinic, the greater the design effect and the bigger
the downward bias in unadjusted standard errors. The importance of the design effect varies
from 1.5 for the usage data to 6 for the demand data.
3.3 Results
3.3.1 Price-Elasticity of Demand for ITNs
Figure 3.1 plots average ITN sales for the first month of the program among clinics charging
each price. Demand is decreasing monotonically in price, with only a modest drop between 0
and 10Ksh and with the largest drop occurring between 20 and 40Ksh. The number of nets
sold at the highest price (40Ksh) is 79 percent below the number of nets distributed at OKsh.
Table 3.2 presents coefficient estimates from OLS regressions of weekly ITN sales on price
with district fixed effects and standard errors corrected for the design effect described above.
The coefficient estimate on ITN price from the most basic specification in Column (1) is
-0.797. This estimate implies that weekly ITN sales drop by about 8 nets for each 10Ksh
increase in price. Since the mean of the dependent variable is roughly 32 ITNs per week,
these estimates imply that a 10OKsh increase in ITN price leads to a 25 percent decline in
weekly ITN sales. The specification in Column (4) regresses weekly ITN sales on indicator
variables for each ITN price (OKsh is excluded). Though noisy, since observations are at the
clinic-level, these estimates suggest that the impact of price on demand is non-monotonic.
Contrary to some findings from both laboratory experiments (Ariely and Shampan'er, 2004)
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and field experiments (Kremer and Miguel, 2007), we find no evidence that a small increase in
price above zero reduces demand for ITNs sharply. On the contrary, the elasticity of demand
is lowest between 0 and 10Ksh. Raising the price from 0 to 40Ksh reduces demand by 82
percent (from 39 ITNs per week to 7)-a substantial decline in demand, a bit smaller than
the decline implied by the linear estimate in Column (1).
Columns (2) and (3) provide robustness checks by including various characteristics of
the clinics as controls. Since net sales are conditional on enrollment at prenatal clinics, one
concern is that our demand estimates are confounded by variation in the level of prenatal
attendance across clinics. Since the subsidized ITNs should provide an incentive to receive
prenatal care, the level of prenatal enrollment after the introduction of the program is an
endogenous variable of interest (Dupas, 2005). Any impact of ITN price on total enrollment
should be captured by total ITN sales (which reflect the change in the number of patients
and in the fraction of patients willing to buy ITNs at each price). However, our demand
estimates could be biased if total attendance prior to program introduction is correlated with
the assigned ITN price. To check whether this is the case, the specification in Column (3)
controls for monthly prenatal attendance at each clinic in 2006. The specification in Column
(4) controls for additional clinic characteristics that could potentially influence attendance
such as any fee for prenatal care, whether the clinic offers counseling and/or testing for
HIV, the distance to the closest other clinic/hospital in our sample and the distance to the
closest other clinic/hospital in the area. The coefficient estimates on ITN price are basically
unchanged when clinic controls are included, but their precision is improved.
We would ideally like to know how overall prenatal attendance at a clinic is influenced by
the price of its ITNs. Unfortunately, many clinics in this area keep very poor and inconsistent
attendance records, particularly for women who are coming for a repeat visit. We illustrate
below, however, that the estimates of demand we get using our surveys are very close to
those estimated using total sales and thus our surveys appear to be very representative of the
overall group of consumers. Since clinics were provided incentives to keep very good records of
ITN sales, receipts from these sales can be combined with estimates of the fraction of women
purchasing ITNs at each price from our surveys, to back out total prenatal attendance at each
clinic. These estimates are presented in Figure 3.2, which plots average monthly prenatal
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attendance among clinics within each price group. Prenatal attendance is decreasing in ITN
price with attendance at 40Ksh clinics being 45 percent lower than at OKsh clinics. Consistent
with our results on demand, increasing the price from 0 to 10Ksh does not appear to have
an impact on prenatal attendance, but in general incentives for prenatal care do appear to
be increasing with the level of subsidy.
Additional estimates of the demand for ITNs are presented in Table 3.3 and are based on
individual-level data from surveys conducted among all prenatal clients found at the clinics
on random days. These specifications correspond to linear probability models where the
dependent variable is a dummy equal to one if the patient bought or received an ITN; the
independent variables are the price at which ITNs were sold, or dummies for each price. The
coefficient estimate of -.015 on ITN price in Column (1) implies that a 10Ksh increase in
the price of ITNs reduces demand by 15 percentage points, but the estimates in Column (2)
indicate that the change in demand is increasing in price. While the decrease in demand for
an increase in price from 0 to 10Ksh is larger than suggested by the clinic-level ITN sales
in Table 3.2, the precision of the estimate is very poor, and we cannot reject the hypothesis
that there is no decline in demand when the price moves from zero to 10Ksh ($0.15). In
contrast, we find a highly significant 60 percentage point reduction in demand between 0 and
40Ksh. Columns (3) and (4) in Table 3.3 serve as additional specification checks. Column (3)
controls for when the survey was administered, including day of the week fixed effects and the
time that has elapsed since our program began, since the demand response of women reacting
more or less quickly to the program incentives could be different. Column (4) controls for the
same clinic characteristics used in Table 3.2. These coefficient estimates are still very close
to the basic specification.
The estimates in Column (5) are from the restricted sample of women enrolling for their
first prenatal care visit (for this pregnancy). This is the relevant long-run population to
consider since, once the stock of women who were pregnant when the program began runs
out, every woman will be exposed to the ITN price at their first visit. It is also important to
separate first visits from revisits because the latter may be returning because they are sick.
Alternatively, women who are enrolled for a revisit may be healthier, since they have already
received the benefits of the first visit, some of which can directly affect their immediate need
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for an ITN (such as malaria prophylaxis). The coefficient estimate in Column (5) is larger
than that for the entire sample, implying that demand for ITNs among women at their first
visit is more sensitive to price than women at revisits. This could be because women who
return are sicker, but it also could be that women learn about the subsidized ITN at an
earlier visit and then return again to purchase the net.
Access to free ITNs from other sources could have dampened demand for ITNs distributed
through the program. This is a real concern, since the Measles Initiative ran a campaign in
July 2006 (9 months before the start of our experiment) throughout Kenya to vaccinate
children between 9 months and 5 years of age, distributing free ITNs to mothers of these
children in Western Kenya. To examine the demand response among women who are less
likely to have had access to free ITNs in the past, Column (6) estimates the impact of ITN
price on demand for women in their first pregnancy only. When we restrict the sample in
this way, the coefficient on ITN price drops to -.011. This implies that women in their first
pregnancy are indeed less sensitive to ITN price differences, but their demand still drops by
44 percentage points when the ITN price is raised from 0 to 40Ksh.
In sum, our results imply that demand for ITNs is not very sensitive to small increases in
price from zero, but that even a moderate degree of cost-sharing leads to large decreases in
demand. At the mean, a 10Ksh ($0.14) increase in ITN price decreases demand by between
20 and 25 percent. These estimates suggest that the majority of pregnant women are either
unable or unwilling to pay the prevailing cost-sharing price, which is itself still far below the
manufacturing cost of ITNs.
3.3.2 Price-Elasticity of Usage of ITNs
Estimates of selection effects on usage are presented in Table 3.4. We find that 62 percent
of women visited at home were using the ITN they acquired through the program, a usage
rate that is very consistent with previous usage studies (Alaii et al., 2003; D'Alessandro et
al., 1994). Our coefficient estimate on ITN price in Column (1) is positive, but insignificant,
suggesting that an increase of 10Ksh increases usage by a modest 4 percentage points, rep-
resenting an increase of 6 percent at the mean. Estimates using indicators for each price in
Column (3) are also very imprecise, but show no pattern of increasing use with price. Women
103
who pay 10 and 20Ksh are actually less likely to be using their ITN than women receiving it
for free. In none of the cases, however, can we reject the hypothesis that price has no effect
on intensity of usage.
The fact that higher prices do not seem to encourage selection of those more likely to use
an ITN is more apparent when we restrict the sample to first visits and first pregnancies.
Women who received a free ITN at their first visit appear more likely than all other price
groups to be using the net (Column 5), though none of the coefficients on prices are significant.
When restricting the sample to women in their first pregnancy we find overall usage rates
are about 10 percent higher than for the sample as a whole (72 percent vs. 62 percent). The
effect of price on usage seems negative for this subgroup as well, but here again the sample
size is very small and the estimates are insignificant.
Usage has traditionally been difficult to measure. In this case, checking usage of ITNs is
fairly straightforward since the surveyor can see whether the net is hanging. Of course, we
cannot observe whether the net is actually used at night, but it is reasonable to believe that
if the ITN is taken out of its packaging and has been hung on the ceiling that it is being used.
Of those women who claimed to be using the ITN, 95 percent of them had the net hanging.
Thus it is not surprising that usage results when we use an indicator variable for whether the
net is hanging (Columns 8 - 9) are very similar to those using self-reported usage (Columns
1 -3).
Overall, the results so far suggest that the common claim that positive prices generate
higher usage intensity than free distribution does not hold in this context.17 The absence of
a selection effect on usage could be due to the nature of the good we study, which is likely
valued very highly in areas of endemic malaria, particularly among pregnant women who
want to protect their baby. The context in which the evaluation took place also probably
contributed to the high valuation among those who didn't have to pay. In particular, women
had to travel to the health clinic for the prenatal visit and were told at the check-up about
the importance of protection against malaria. Also, the evaluation took place in a very poor
1 7We also find no evidence that women receiving a free net are more likely to resell it. In fact, none of the
women in our sample had sold the net at the time of our visit. Among those not using the net, the most
common reasons given were that they were waiting for another net to wear out or that they were waiting for
the birth of the child.
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region of Kenya, in which many households do not have access to credit and have difficulty
affording even modest prices for health goods. Thus, a large number of prenatal clients may
value ITNs but be unable to pay higher prices for them. Overall, our results imply that, in
such a context, cost-sharing programs cannot offset through increased usage rates what is lost
in dampened demand. Figure 3.3 combines our demand estimates from Table 3.3 with usage
rates in Table 3.4 to estimate overall coverage rates across ITN prices. For 100 pregnant
women coming for prenatal care, we find that only 30 women will immediately start using an
ITN at the price of 40Ksh, while 66 women will be using the net if it is distributed for free.
3.3.3 Are there Psychological Effects of Prices on Usage of ITNs?
In this section, we use the data from the ex-post price randomization conducted with a subset
of women who had expressed their willingness to pay the posted price (in clinics charging
a positive price.) For those women, the transaction price ranged from "free" to the posted
price they initially agreed to pay. This design enables us to test whether the act of paying,
in itself, can stimulate higher product use by triggering a sunk cost effect, willingness to pay
held constant. Table 3.5 presents the coefficients of the effect of price levels (Columns 1 and
2) and of the act paying (Columns 3 and 4) on the likelihood of usage. These coefficients are
from linear probability models with baseline controls and clinic fixed effects, estimated on
the sample of women who visited a clinic where ITNs were sold at a positive price, decided
to buy an ITN at the posted price, and were sampled to participate in the ex-post lottery
determining the transaction price they eventually had to pay to take the net home.
As expected from the earlier result that there is no overall effect of prices on usage, we find
no psychological effect of price or the act of paying on usage. In Column (1), the coefficient
for price is negative, suggesting that higher prices discourage usage, but the effect is not at
all significant. Adding a control for having received a free ITN from the government in the
previous year does not change this result (Column 2). In Column 2, the coefficient for the
act of paying a positive price is also negative, suggesting that if the act of paying has any
effect, it would decrease usage rather than increase it, but here again the coefficient cannot
be confidently distinguished from zero.
Overall, these results suggest that, in the case of ITNs marketed through health clinics,
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there is no psychological effect of price on usage. If usage does not increase with price, what
about the private benefits to the users? Is it the case, as often assumed, that the users
reached through the 40Ksh distribution system are those that really need the ITN, whereas
the additional users obtained through the free distribution will not benefit from using the
ITN because they don't need it as much (i.e. they are healthier, or can afford other means
to protect themselves against malaria)?
Given the important community-wide effects of ITN use documented in the medical lit-
erature cited earlier, there is little doubt that the social returns associated with the 100%
increase in effective coverage obtained through free distribution will be positive. Neverthe-
less, it is interesting to test the validity of the argument advanced by cost-sharing programs
with respect to the private returns of ITN use. This is what we attempt to do in the next
section.
3.3.4 Selection Effects of ITN Prices
This section presents results on selection effects of positive prices on the health of patients
who buy them. The argument that cost-sharing targets those who are more vulnerable by
screening out women who appear to need the ITN less assumes that willingness to pay is the
main factor in the decision to buy an ITN. In the presence of extreme poverty and weak credit
markets, however, it is possible that ability to pay also plays a major role. The overall effect
of price on the average "neediness" of the users will thus depend on the relative importance
of those two factors: willingness and ability to pay. The optimal subsidy level will have to be
low enough to discourage women who do not need the product to buy it, while at the same
time high enough to enable credit-constrained women to buy it if they need it. We focus our
analysis on an objective measure of health among prenatal clients - their hemoglobin level.
Women who are anemic (i.e. with a low hemoglobin level) are likely the women with the
most exposure and least resistance to malaria, and are likely the consumers who a cost-sharing
program would want to target.
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Do Higher Prices Screen Out the Less-Needy?
To answer this question, we study the impact of price on the health of "takers" (i.e. buyers
and recipients of free nets). Figure 3.4 plots the cumulative density functions (CDF) of
hemoglobin levels for women buying a net at each price relative to women who receive a free
net. For each price, even the lowest (10Ksh), the CDF of hemoglobin levels of women who
pay is to the left of the CDF of women who receive a free net. To test the differences in
the distributions of "receivers" versus "buyers", we use the Kolmogorov-Smirnov equality-of-
distributions test, for each price level. This non-parametric test rejects the null hypothesis
of samples coming from the same populations if there is a point for which the cumulative
empirical distributions of two independent samples are significantly different (Cassiman and
Golovko, 2007). The results of the tests are presented in Table 3.6, Panel A. We can reject
the null of hypothesis of equality of distributions between women who receive free nets and
those who buy a net at 10Ksh and 20Ksh at the 5% significance level (Panel A, Columns 1
and 2). It appears in Figure 3.4 to be the case that the CDF of women who pay 40Ksh is
mostly to the left of those receiving a net free, but there are sizable regions of the distribution
in which this does not appear to be the case. With a p-value of .38 (Table 3.6, Panel A,
Column 3), we cannot reject the equality of distributions in this case.
Panel B in Table 3.6 presents the coefficient estimates from an OLS regression of hemoglobin
level and anemia status on the ITN price variable (Column 1) and on dummy variables for
each ITN price, excluding zero (Columns 2-4). These coefficient estimates reflect what can
be seen in Figure 3.4: hemoglobin levels are nearly half a point lower among women who pur-
chase a net at 10 and 20Ksh than among women receiving a net free, although the adjusted
standard errors are large. The coefficient estimate on hemoglobin for women paying 40Ksh
is virtually zero. Nearly 50 percent of women in this sample exhibit moderate anemia. We
estimate that the rate of moderate anemia among women who pay 10Ksh is about 21 per-
cent higher than among women who receive the net free and about 11 percent and 7 percent
higher for those paying 20 and 40Ksh, respectively, though those last two estimates are very
imprecise. For severe anemia, the selection effect is strongest at 20Ksh.
While noisy, these results suggest that the share of ITN buyers that are vulnerable to
malaria could be larger than the share of vulnerable individuals among recipients of a free
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ITN, but they do not necessarily imply that the average non-buyer is less vulnerable than
the average buyer in clinics where the price is positive. This is because the pools of "takers"
across price groups are differentially selected: as we illustrated in Figure 3.2, enrollment at
prenatal clinics is higher when ITNs are provided free of charge than when ITNs are sold
for 40Ksh. This is consistent with a previous study illustrating a strong incentive effect of
free ITNs on enrollment for prenatal care (Dupas 2005). The free ITN distribution might
have induced some women to forgo prenatal care at the clinic closest to their home, and
instead walk an extra mile or pay additional transport fare in order to enroll at the prenatal
clinic where they could get a free ITN. If the women who could switch clinics in response to
the program are healthier (able to walk longer distances) and richer (able to pay a higher
transport costs), then the pool of women attending the clinics offering free ITNs are likely
to be less representative of the overall population attending clinics for prenatal care than
the women attending the clinics selling nets for 40Ksh. (The 20 clinics in our sample are
sufficiently far way from each other that switches between clinics are highly unlikely in our
sample, but there are 3 to 4 un-sampled prenatal clinics within a 10km radius of a program
clinic, as shown in Table 3.1).
Figure 3.5 suggests that women who came to clinics in which the ITN was distributed free
were healthier than women in the control group. The CDF of hemoglobin among prenatal
clients of clinics distributed free ITNs is to the left of the CDF of control women and the
equality of distributions can be rejected at the 5% level (Table 3.7, Panel B, Kolmogorov-
Smirnov tests, Column 2). In contrast, the CDF of hemoglobin among patients of clinics
selling the nets at a positive price is similar to that in control clinics.
To confirm that the ITN distribution program induced differentially selected samples
across price groups, we present the average characteristics of prenatal clients in control clinics
in Table 3.7 (Column 1), and, for each price group, how the average prenatal client diverge
from the average in the control group (Columns 2 to 5). We find that, as hypothesized above,
the profiles of prenatal clients in the clinics giving out free ITNs is very different from the
average prenatal client found in the control group, whereas women who enrolled in clinics
charging 20 or 40Ksh per ITN are very similar to prenatal clients in the control group. The
results in Panel A illustrate that the women who came to the prenatal clinics in which ITNs
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were free were 13 percent less likely to have walked to the clinic than women attending control
clinics, whereas there does not appear to be much difference between women in the control
group and women who came to clinics selling the ITNs. Similarly, women coming to receive a
free ITN paid more for transportation and were more likely to be back for a repeat visit than
women in the control group and, again, this difference is less substantial for women coming
to clinics selling the ITNs. Panel B of Table 3.7 shows that women who came to the prenatal
clinics in which ITNs were free were 18 percent less likely to be anemic and 10 percent less
likely to be moderately anemic.
Because of this difference in sample selection across ITN prices, the fact that buyers
appear sicker on average than recipients of free nets does not warrant that higher prices do
not screen out the neediest. In the next section, we look at the composition of non-buyers
among prenatal clients exposed to a positive price. This enables us to look at the selection
effect on ability to pay.
Do Higher Prices Also Screen Out the Neediest?
To analyze who is screened out by positive prices, we study the impact of price on the health
of non-buyers in clinics where the ITNs were sold at a positive price. We compare the health
of non-buyers to the health of prenatal clients in control clinics.
Table 3.8 uses the same format as Table 3.6. We find that, within clinics charging 20 and
40Ksh (very few patients chose not to buy nets for 10Ksh), the health level of non-buyers
is slightly higher, though not much different, from the health level of prenatal clients in the
control group: prenatal clients who decide to not buy a net in clinics where nets are sold at
40Ksh are 14 percent less likely to be moderately anemic, and 11 percent less likely to be
severely anemic, though these effects are not significant. Nevertheless, these results suggest
that, while we saw in Table 3.6 that higher prices screen out the healthiest, they do not seem
to bar access to the sickest. Figure 3.6 confirms these results: women who elect not to buy an
ITN in the 20Ksh and 40Ksh clinics look very similar to women visiting clinics in the control
group, with the CDFs for non-buyers in 20Ksh and 40Ksh clinics lying nearly on top of the
CDF of clients in control clinics. We are unable to reject that there is no difference between
the CDFs when we perform a Kolmogorov-Smirnov test (Table 3.8, Panel B).
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There are a number of reasons why the effect of need appears to dominate the ability to
pay in this context. The most important factor is probably that health was made salient to
women prior to their net purchase. We measured hemoglobin levels for all surveyed women
who consented (95%). The hemoglobin test was performed by the health clinics staff during
the prenatal visit, and it is likely that nurses, while informing the prenatal clients of the
results of the test, encouraged those who were anemic to buy a net. It is possible that women
who were told they were anemic were more likely to pay a higher price than they would if
they were not made aware of this. These results highlight the value of health screenings in
public health campaigns, as the salience of health status likely encourages uptake by those
who need the product most. In the absence of this test, the selection effect on health would
likely be significantly smaller in magnitude.
Effect of Prices on Coverage Rate among Vulnerable Groups
While our results on selection through prices speak to the composition of buyers at each price,
they say nothing about the relative numbers of vulnerable groups covered at various prices.
Figure 3.7 combines our estimates of demand, usage and anemia rates to explore coverage of
anemic women across ITN prices. These estimates suggest that, if a program is only seeking
to maximize coverage of anemic women, than the optimal price may be an intermediate price
of 10 or 20Ksh. However, at higher prices closer to the prevailing cost-sharing price, the
absolute number of anemic women covered by ITNs is lower than under free distribution.
3.4 Cost-Effectiveness Analysis
In this section we attempt to estimate the cost-effectiveness of each pricing strategy in terms
of children's lives saved. As discussed in Section 2, there are many benefits to malaria
transmission besides saving children's lives, and restricting ourselves to child mortality will
lead to conservative estimates of the cost-effectiveness.
An important dimension to keep in mind in the cost-effectiveness analysis is the externality
of high-density ITN usage on the mosquito population, and thus on the health of non-users
(as well as other users). The results of a recent medical trial of ITNs in Western Kenya
imply that "in areas with intense malaria transmission with high ITN coverage, the primary
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effect of insecticide-treated nets is via area-wide effects on the mosquito population and not,
as commonly supposed, by simple imposition of a physical barrier protecting individuals
from biting" (Hawley et al, 2003). In this context, we propose the following methodology to
measure the health impact of each ITN pricing scheme: we create a "protection index for
non-users" (a logistic function of the share of users in the total population) and a "protection
index for users" (a weighted sum of a "physical barrier" effect of the ITN and the externality
effect, the weights depending on the share of users). This enables us to compute the health
impact of each pricing scheme on both users and non-users and to compute the total number
of child lives saved, as well as the cost per life saved. Because the relative importance of the
"physical barrier" effect and of the externality are unclear, we consider three possible values
for the parameter of the logistic function predicting the protection index for non-users (we
call it the "threshold externality parameter") and three possible values for the effectiveness of
ITNs as physical barriers. This gives us a total of 3 x 3 = 9 different scenarios and 9 different
cost-per-life-saved estimates for each of the 4 pricing strategies. Figure 3.8 illustrates how
the protection indices vary with the share of users in the entire population, and shows the 3
options we consider for each parameter. Figure 3.8a shows that under the "low threshold"
assumption the protection index for non-users reaches 0.7 for a share of users as low as 35
percent; whereas under the "medium" and "high" threshold assumption the protection index
for non-users doesn't reach 0.5 until the share of users is 50 and 65 percent, respectively.18
Given the importance of the externality effect, another key parameter in the cost-effectiveness
analysis is the share of ITN users in the total population. In Table 3.9, we assume that dis-
tribution programs would last for 5 years and estimate the share of ITN users in the entire
population that would result under each price scenario at the end of the five years. This
number depends on three factors: the share of ITN owners among households eligible for the
program (i.e. households with a pregnancy), the share of users among owners, and the share
of eligible households in the total population. While we estimated carefully the first two
factors in our experiment, we do not know the last factor with certainty. We thus propose
three possibilities (where the share of eligible households in a 5 year period is 60, 70 or 80
percent) and compute the resulting share of ITN users in the entire population. As discussed
"'The latest literature suggests that the threshold is around 50% (Hawley et al, 2003). Therefore the
"medium" case seems the most realistic.
in the previous section, we find that cost-sharing considerably reduces the share of ITN users.
With the conservative estimate of only 60 percent of households experiencing a pregnancy,
we see that none of the schemes manage to reach the 50 percent coverage threshold that has
been discussed in the medical literature with respect to the importance of the externality
effect.
Mechanically, in the presence of an ITN distribution program through prenatal clinics, the
share of ITN users in the entire population increases as the share of households experiencing
a pregnancy within 5 years increases. Since the share of users plays an important role in the
cost-effectiveness estimates, we will restrict ourselves to the most conservative assumption
(only 60% of households experiencing a pregnancy within 5 years). Making a less conservative
assumption would increase the cost-effectiveness of distribution programs that generate a
higher coverage rate (i.e. free distribution compared to cost-sharing.)
Table 3.10 presents the cost-effectiveness results for each of the 9 hypothetical scenarios
for each of the 4 pricing schemes. In all 9 scenarios, the free distribution strategy saves the
lives of more children than any cost-sharing strategy. This result is not surprising at all
considering the large negative effect of cost-sharing on the share of ITN users in the entire
population that we identified earlier. In terms of cost per life saved, however, free distribution
is not always the cheapest. Under the low threshold assumption for the externality effect,
we find that charging 40 Ksh can be more cost-effective ($10 cheaper per life saved) than
free distribution if the physical barrier effect of ITNs is high (Panel D, Column 1). However,
as soon as the assumptions on the effectiveness of ITNs as physical barriers for their users
become less optimistic and in more in line with the latest medical findings we cited earlier,
we find that free distribution becomes equally cost-effective (Column 2), and even more cost-
effective ($12 cheaper per life saved) if the physical barrier effect is low. Under the more
realistic assumption of a "medium" externality threshold level, we find that free distribution
dominates cost-sharing in terms of cost-effectiveness (the cost per life saved is only $3 higher
under the high physical barrier effectiveness assumption (Panel D, Column 4), and $15 / $58
cheaper when the physical barrier effectiveness is medium / low (Panel D, Columns 5 and 6).
Last, in the scenario where a large share of ITN users is necessary for a substantial externality
to take place, we find that cost-sharing is slightly cheaper than free distribution (by $0 to
112
$20). This is due to the fact that under the high threshold hypothesis, even free distribution
to pregnant women is not enough to generate significant community-wide effects since not all
households experience a pregnancy. It is worth noting, however, that under less conservative
estimates regarding the number of households eligible for the free distribution program within
5 years, the free distribution strategy would become more effective than cost-sharing even for
a high externality threshold level.
Overall, these estimates suggests that cost-sharing is at best marginally more cost-effective
than free distribution, and most likely less cost-effective if we believe the latest estimates on
the relative importance of the community-wide effects vs. the physical barrier effect of ITNs.
3.5 Conclusion
The argument that charging a positive price for a health product is necessary in order to
ensure use of the product has recently gained prominence in the debate on the efficiency
of foreign aid. In his 2006 book The White Man's Burden, William Easterly discusses the
rationale for the cost-sharing ITN program run by PSI in Malawi (p. 13). It is argued
that ITNs distributed for free "are often diverted to the black market, become out of stock at
health clinics, or wind up being used as fishing nets or wedding veils." This cost-sharing model
of selling nets for $0.50 to mothers through prenatal clinics in Malawi is believed to reduce
waste because "it gets the nets to those who both value them and need them." The findings
of the randomized pricing experiment that we conducted in Western Kenya do not support
these claims. We do not find any evidence that cost-sharing reduces wastage on those that
will not use the net. We find that pregnant women who receive free ITNs are not less likely
to use them than pregnant women who had to pay for the ITNs. While cost-sharing does not
increase usage intensity, we find that it considerably dampens demand, achieving a coverage
rate 25 to 45 percentage points lower than that achieved through free distribution. While
our results suggest that, at very low prices, cost-sharing can help target people who need
the net most (i.e., are more likely to be anemic), we find that current levels of cost-sharing
for ITNs achieve much lower coverage rates among anemic pregnant women than does free
distribution. Overall, our results suggest that free distribution is more effective, and likely
more cost-effective than cost-sharing, especially if the threshold ITN coverage rate at which
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the positive externality kicks in is between 40 and 60%, which the current medical literature
suggests is the case.
While ITN distribution programs that use cost-sharing do not appear more cost-effective
than free distribution in terms of health impact, they might have other benefits. Indeed,
they often have the explicit aim of promoting sustainability (hence the name "social mar-
keting"). The aim is to encourage a sustainable retail sector for ITNs by combining public
and private sector distribution channels, e.g. by distributing vouchers for heavily-subsidized
ITNs that can be purchased at private shops (Mushi et al., 2003). In order for ITNs to be
affordable to the most vulnerable populations, the cost-sharing price must be far below the
manufacturing cost and thus could not be distributed by the retail sector at this price.19
Another goal, however, with cost-sharing/social-marketing campaigns is to increase demand
for and knowledge about ITNs in the short-run so that in the long-run, when income levels
are higher and donor money goes elsewhere, the retail sector will have persisted and can sell
ITNs profitably (PSI, 2003; Webster, 2007). Our experiment does not enable us to quantify
the potentially negative impact of free distribution on the viability of the retail sector and
therefore our analysis does not consider this externality.
While our results speak to the ongoing debate regarding the optimal subsidization level
for ITNs-one of the most promising health tools available in public health campaigns in
sub-Saharan Africa-they may not be applicable to other public health goods that are im-
portant candidates for subsidization. ITNs are known to be highly valued among malaria
endemic communities, especially among pregnant women. Targeting women and children
through prenatal clinics is more likely to reach those with a higher valuation of ITNs than,
say, a distribution program that sold ITNs door-to-door or through local shops. However,
distributing ITNs through prenatal clinics is often cited as a top priority in malaria control
campaigns and worthy of a careful evaluation of how to set prices so that the health impact
is maximized.
"
9 For example, while ITNs generally cost at least $3 to manufacture, the prevailing cost-sharing price for
pregnant women and children in Kenya is $0.80.
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Figure 3.1. Monthly Net Sales Across ITN Prices
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Figure 3.2. Monthly Prenatal Patients Across ITN Prices
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Figure 3.3. Number of Women Protected by an ITN, by Price
(for 100 Women enrolling for Prenatal Care)
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Notes: Estimates computed by multiplying the predicted uptake (Table 3) with the predicted usage
(Table 4). Error bars represent +/- 1 starnd! error.
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Figure 3.4.
Cumulative Distribution of Hemoglobin Levels Among Clients
who Bought/Received Nets for 0 vs. 10Ksh
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Figure 3.5
Cumulative Density of Hemoglobin Levels Among
All Clients at Control vs. OKsh Clinics
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Figure 3.6
Cumulative Density of Hemoglobin Levels Among
Non-Buying Clients at Control vs. 20Ksh Clinics
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Figure 3.7. Number of Anemic Women Protected by ITN, by Price
(100 Women Coming for Prenatal Car)
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Notes: Estimates computed by multiplying the predicted uptake (Table 3) with the predicted share of anemic
"takers" (Table 6) and the predicted usage (Table 4). Error bars represent +/- 1 standard error.
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Figure 3.8. Scenarios Used in Cost-Effectiveness Analysis
3.8a. Three hypothetical Scenarios on the "Externality Threshold":
How the Protection Index for Non-Users Varies with
the Proportion of ITN Users in the Population
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3.8b. For a Given Hypothesis on the Externality Threshold:
How the Protection Index for Net Users Varies with
Assumptions on the Effectiveness of ITNs as "Physical Barriers" for Users
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Table 3.1. Characteristics of Prenatal Clinics in the Sample, by Treatment Group
Treatment Groups
Average Monthly Enrollment in 2006 (First Visits only)
Average Monthly Attendance in 2006 (First Visits and Revisits)
Enrollment Fee for Prenatal Clients (in Kenyan shillings)
Control
Group
ITN
0 Ksh 10 Ksh
Price:
20 Ksh 40 Ksh
(FREE) ($0.15) ($0.30) ($0.60)
(1) (2) (3) (4) (5)
75 63 61 54 62
(53) (41) (41) (20) (31)
124 117 123 106 122
(80) (66) (92) (48) (68)
10 12 14 20 13
(8) (9) (20)
Fraction with HIV testing services
Number of Other Prenatal Clinics within a 10 Km radius
Distance to Closest Prenatal Clinic in the Sample (Km)
.75 .40 .75 .66 .33
2.75 3 3.6 4.3 4.3
(2.5) (1.22) (.54) (2.5) (1.15)
12.69 13.45 13.32 12.05 12.92
(2.28) (1.2) (1.3) (1.0) (2.5)
Number of Clinics
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(12) (11)
Table 3.2. Weekly Net Sales by ITN Price
Dependent Variable is:
Weekly ITN Sales
(1) (2) (3) (4) (5) (6)
ITN Price in Kenyan Shillings (Ksh) -.797 -.680 -.756
(.467) (.364) (.360)
ITN Price = 10 Ksh ($0.15) -.330 -1.645 6.346
(15.290) (12.651) (18.282)
ITN Price = 20 Ksh ($0.30) -9.502 -4.870 -8.737
(18.155) (14.049) (18.450)
ITN Price = 40 Ksh ($.60) -32.420 -29.051 -33.081
(19.494) (15.099) (14.650)
Control for Clinic Attendance in 2006 x x x x
Other Clinic Controls x x
Sample Mean of Dep. Var 32
Intracluster Correlation 0.57
Notes: Each column is an OLS regression of weekly ITN sales on ITN price or on a set of indicator variables for each
price (OKsh is excluded). All regressions include district fixed effects. Standard errors in parentheses are correctedfor the
design effect using Moulton's intra-cluster correlation. Sample is 15 clinics in 3 districts over 6 weeks after program
introduction. One 40Ksh clinic is not included because of problems with net sales reporting. Controls for clinic attendance
in 2006 include average total monthly visits and average first monthly visits between February and September (the months
for which we have complete attendance data for all clinics). Other clinic controls include the fee (if any) chargedfor a
prenatal care visit, whether or not the clinic offers voluntary counseling and testing for HIV or prevention-of-mother-to-
child-transmission of HIV services, the distance between the clinic, and the closest other clinic or hospital and the
distance between the clinic and the closest other clinic or hospital in the program.
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Table 3.3. Demand for ITNs Across Prices
Dependent Variable is:
Indicator for Bought/Received an ITN
(1) (2) (3) (4) (5) (6)
ITN Price in Kenyan Shillings (Ksh) -.015 -.017 -.015 -.018 -.011
(.003) (.005) (.000) (.008) (.005)
Constant (ITN Price = 0) .989
(.026)
ITN Price = 10 Ksh ($0.15) -.073
(.046)
ITN Price = 20 Ksh ($0.30) -.172
(.090)
ITN Price = 40 Ksh ($0.60) -.605
(.149)
Time Controls x
Clinic Controls x
First Visit Only x
First Pregnancy Only x
Observations 424 424 389 385 201 134
Sample Mean of Dep. Var 0.81 0.81 0.81 0.81 0.77 0.84
Intra-Cluster Correlation 0.23
Notes: Data is from clinic-based surveys conducted throughout the first 6 weeks of the program. All regressions
include district fixed effects. Standard errors in parentheses are correctedfor the design effect using Moulton's
intra-cluster correlation. All specifications are OLS regressions of an indicator variable equal to one if the
respondent bought or received an ITN for free on: indicator variables for each price (Column 1; price =0 is
excluded) or on the price of the ITN (Columns 2 - 6).
Time controls include fixed effects for the day of the week the survey was administered and a variable indicating
how much time had elapsed between the day the survey was administered and the program introduction. Clinic
controls inlclude total monthlyfirst ANC visits between April-June of 2006, the fee chargedfor a prenatal care
visit, whether or not the clinic offers voluntary counseling and testingfor HIV or prevention-of-mother-to-child-
transmission of HIV services, the distance between the clinic and the closest other clinic or hospital and the
distance between the clinic and the closest other clinic or hospital in the program.
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Table 3.4. Usage Rates by ITN Price
Constant (ITN Price = 0)
ITN Price
ITN Price = 10ksh
ITN Price = 20ksh
ITN Price = 40ksh
Time Controls
First Visits Only
First Pregnancy Only
Dependent Variable is:
Respondent is currently using the ITN acquired through the program
(1) (2) (3) (4) (5) (6) (7)
.564 .366 .656 .604 .703 .744 .808
(.090) (.264) (.092) (.099) (.140) (.122) (.157)
.004 .003 .000 -.002
(.005) (.004) (.005) (.008)
-.126
(.116)
-.020
(.130)
.106
(.144)
-.205
(.168)
-.030
(.178)
-.091
(.220)
-.220
(.203)
.080
(.230)
-.205
(.308)
Dependent Variable is:
ITN is Visibly Hanging
(8) (9)
.524 .637
(.069) (.095)
.003
(.004)
-. 155
(.120)
-.093
(.134)
.081
(.148)
x x
x x
Obs 224 211 224 125 125 58 58 220 220
Sample Mean of Dep. Var 0.62 0.62 0.62 0.61 0.61 0.72 0.72 0.57 0.57
Intra-Cluster Correlation 0.04
Joint F-Test 1.90 1.21 1.45 2.10
Prob > F 0.13 0.31 0.24 0.10
Notes: Data is from home visits to a random sample of patients who bought nets at each price. Home visits were conductedfor a subsample of patients
roughly 3 - 6 weeks after their prenatal visit. Standard errors in parentheses are corrected for the design effect using Moulton's intra-cluster correlation.
All regressions include district fixed effects.
Each column is an OLS regression of the dependent variable indicated by column on either the price of the ITN or an indicator variable for each price.
The specification in Column (2) controls for the number of days that have elapsed since the net was purchased, the number of days that have elapsed
since the program was introduced at the clinic in which the net was purchased and whether the woman has given birth already, is still pregnant, or
miscarried
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Table 3.5. Usage Rates by ITN Price, Holding Willingness to Pay Constant
Transaction Price
Transaction Price > 0
Individual Controls
Got a Free ITN the Previous Year
Has not yet delivered
Bought ITN at First Prenatal Visit
First Pregnancy
Time to clinic
Time Elapsed since ITN Purchase
Constant
Dependent Variable is:
Respondent is currently using the ITN acquired through the program
(1) (2) (3) (4) (5) (6)
-.003 -.006 -.006
(.006) (.006) (.006)
-.008 -.072 -.065
(.100) (.101) (.100)
-. 198
(.121)
.199
(.102)
.180
(.100)
.001
(.001)
.014
(.006)
.591 .152
(.052) (.200)
-. 192
(.100)
-.234
(.121)
.202
(.102)
.148
(.104)
.000
(.001)
.015
(.006)
.248
(.200)
-. 195
(.122)
.199
(.103)
.184
(.100)
.000
(.001)
.014
(.006)
.579 .147
(.054) (.201)
-.191
(.101)
-.231
(.122)
.202
(.104)
.153
(.104)
.000
(.001)
.015
(.006)
.242
(.201)
Dependent Variable is:
ITN is Visibly Hanging
(7) (8)
-.042 -.084
(.095) (.099)
-. 165
(.102)
-.213
(.125)
.121
(.107)
.063
(.106)
.000
(.001)
.011
(.005)
.537 .336
(.054) (.178)
Clinic Fixed Effects
Observations
Sample Mean of Dep. Var
F Stat
Prob >F
130 124 123 130 124
0.58 0.58 0.58 0.58 0.58
2.64 3.23 2.99
0.02 0.00 0.01
Notes: Standard errors in parentheses. Estimates are from linear probability models with clinic fixed effects, estimated on the sample of women who I) visited a
clinic where ITNs were sold at a positive price; 2) decided to buy an 17TN at the posted price, and 3) were sampled to participate in the ex post lottery determining
the transaction price they eventually had to pay to take the net home. 7he transaction prices ranged.from 0 (free) to the posted price,
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Table 3.6. Selection Effects Across ITN Prices: Health Status of Buyers
Panel A: Kolmogorov-Smirnov Test for Equality
an ITN in:
of Distribution of Hb levels between recipients of free ITNs and women buying
Clinics Selling
at 10 Ksh
($0.30)
(1)
Clinics Selling
at 20 Ksh
($0.30)
(2)
Clinics Selling
at 40 Ksh
($0.60)
(3)
D .20 .19 .18
P-Value .03 .05 .38
Obs 207 198 129
Panel B: Regressions
Sample Mean
of Dep. Var.
Coefficient on
ITN Price
10 Ksh
($0.15)
20 Ksh
($0.30)
40 Ksh
($0.60)
Dependent Variable (1) (2) (3) (4)
Hemoglobin rate (hb), in g/DL 10.96 -0.001 -0.578 -0.448 0.024
(0.015) (0.417) (0.452) (0.620)
Moderate Anemia (Hb < 11 g/dL) 0.48 0.001 0.212 0.111 0.072
(0.004) (0.115) (0.125) (0.171)
Severe Anemia (Hb < 9 g/dL) 0.14 0.002 0.098 0.152 0.018
(0.002) (0.067) (0.073) (0.100)
Obs 346 113 104 35
Notes: All specifications are OLS regressions of the dependent variable indicated by row on: net price (Column 1) or indicator
variables for each price (Columns 2 - 4; price =0 is excluded). Only patients who purchased or received afree net are included
Standard errors in parentheses are correctedfor the design effect using Moulton's intra-cluster correlation. All regressions
include district fixed effects.
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Table 3.7. Characteristics of Prenatal Clients Across Treatment Groups
Differences with Control Group
0 Ksh 10 Ksh 20 Ksh 40 Ksh
(FREE) ($0.15) ($0.30) ($0.60)
(2) (3) (4) (5)
First Prenatal Visit for Current Pregnancy
First Pregnancy
Walked to the clinic
Price paid to reach the clinic (Ksh)
Panel A. Characteristics of Visit to Prenatal Clinic
.48 -.125 .001 .022 .073
(.068) (.064) (.065) (.071)
.21 .104 .138 .077 .024
(.061) (.057) (.057) (.059)
.73 -.128 .032 .055 -.036
(.065) (.055) (.056) (.064)
4.58 3.67 1.22 -.58 .49
(1.80) (1.50) (1.63) (1.57)
Panel B. Health Status
.037P-Value on Kolmogorov-Smirnov Test for Equality
of CDF of Hb level with that of Control Group
Hemoglobin Rate
Moderate Anemia (Hb < 11 g/dL)
Severe Anemia (Hb < 9 g/dL)
10.44
.55
.16
.898
(0.247)
-. 177
(.070)
-. 102
(0.045)
.257
.511
(0.254)
-.007
(.067)
-.024
(0.048)
.566
.295
(0.248)
.000
(.066)
.043
(0.052)
.292
.343
(0.275)
-.005
(.074)
-.015
(0.054)
Obs 108 109 145 131 92
Notes: For each variable, Column 1 shows the mean observed among prenatal clients enrolling in control clinics; the
standard deviations are presented in italics. Column 2 (3, 4, 5) shows the differences between prenatal clients enrolling
in the clinics providing ITNs at 0 (10, 20, 40) Ksh and prenatal clients enrolling in control clinics.
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Control
Group
Mean
(1)
Table 3.8. Selection Effects Across Net Prices: Health Status of Non-Buyers
Panel A: Kolmogorov-Smirnov Test for Equality of Distributions of Hb levels between clients of Control Clinics and non.
buyers in:
Clinics Selling at
20 Ksh ($0.30)
Clinics Selling at
40 Ksh ($0.60)
D .13 .15
P-Value .90 .48
Obs 126 149
Panel B: Regressions
Sample Mean of
Dep. Var.
Coefficient on
ITN Price
Dependent Variable: (1) (2) (3)
Hemoglobin rate (hb), in g/DL 10.63 0.025 0.966 0.976
(0.014) (0.682) (0.547)
Moderate Anemia (Hb < 11 g/dL) 0.57 -0.004 -0.073 -0.148
(0.003) (0.136) (0.109)
Severe Anemia (Hb < 9 g/dL) 0.16 -0.003 -0.181 -0.119
(0.003) (0.127) (0.102)
Obs 187 22 45
Notes: Only patients in control clinics and patients in clinics charging a positive price but did not purchase a net are
included All specifications are OLS regressions of the dependent variable indicated by row on: net price if treatment
clinic (Column 1) or indicator variables for each price (Columns 2 - 4; control clinics excluded). Standard errors in
parentheses are correctedfor the design effect using Moulton's intra-cluster correlation. All regressions include district
fixed effects.
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20 Ksh
($0.30)
40 Ksh
($0.60)
Table 3.9. Overall Share of ITN Users in Total Population
Share of Net Users in Total Population
Share of After 5 Years of Distribution
Prenatal % of ITN Share of Users
Clients Who owners that are among Subsidy Cost Assumption: If 60% of HH If 70% of HH If 80% of HH
Subsidy per Get the ITN activly using it Housholds per User Share of HH with experience a experience a experience a
ITN Price ITN Sold (Table 3, Col. (Table 4, Col. Experiencing a Household new born within pregnancy within 5 pregnancy within 5 pregnancy within 5
(Ksh) (Ksh) 2) 3) Pregnancy (Ksh) 5 years years years years
0 455 1 0.66 0.66 689 0.60 0.40 0.46 0.53
10 445 0.93 0.54 0.50 824 0.60 0.30 0.35 0.40
20 435 0.83 0.63 0.52 690 0.60 0.31 0.37 0.42
40 415 0.40 0.76 0.30 546 0.60 0.18 0.21 0.24
This table estimates the share oflTN users in the entire population that would result under each price scenario assuming that distribution programs would last for 5 years.
We propose three possibilities for the share of households with a pregnant woman in a 5 year period and compute the resulting share of lTN users in the entire population.
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Table 3.10. Cost-Effectiveness Comparisons
Hypothesis on Externality Threshold:
Low Medium High
Hypothesis on Physical Barrier Hypothesis on Physical Barrier Hypothesis on Physical Barrier
ITN Price effectiveness: effectiveness: effectiveness:
Subsidy Level (Ksh) High Medium Low High Medium Low High Medium Low
1 2 3 4 5 6 7 8 9
A. Protection Index for Non-Users
100.0% 0 0.74 0.74 0.74 0.36 0.36 0.36 0.09 0.09 0.09
97.8% 10 0.48 0.48 0.48 0.16 0.16 0.16 0.03 0.03 0.03
95.6% 20 0.52 0.52 0.52 0.18 0.18 0.18 0.03 0.03 0.03
91.2% 40 0.18 0.18 0.18 0.04 0.04 0.04 0.01 0.01 0.01
B. Protection Index for Users
100.0% 0 0.92 0.87 0.82 0.81 0.68 0.56 0.73 0.54 0.36
97.8% 10 0.84 0.74 0.64 0.75 0.58 0.41 0.71 0.51 0.32
95.6% 20 0.86 0.76 0.66 0.75 0.59 0.42 0.71 0.52 0.32
91.2% 40 0.75 0.59 0.43 0.71 0.52 0.33 0.70 0.50 0.31
C. Children Lives Saved Per 1000 Prenatal Client
100.0% 0 86 83 79 66 57 49 51 39 27
97.8% 10 66 61 56 45 37 28 37 27 18
95.6% 20 69 64 59 48 39 31 39 29 19
91.2% 40 36 31 26 25 19 13 22 16 10
D. Cost per Child Life Saved (USD)
100.0% 0 $88 $92 $96 $115 $132 $155 $149 $195 $283
97.8% 10 $104 $113 $124 $152 $188 $244 $186 $252 $392
95.6% 20 $87 $94 $102 $126 $154 $197 $155 $210 $324
91.2% 40 $78 $91 $108 $112 $147 $213 $127 $175 $283
In this table, we assume that the share of households experiencing a pregnancy within five years is 60%. Making a less conservative assumption
would increase the cost-effectiveness of free distribution compared to cost-sharing.
The protection index for non-users is computed as a logistic function of the share of users in the total population as represented in Figure 8. The
protection index for users is a coverage-dependant weighted sum of the protection index for non-users and the index on the physical barrier
effectiveness oflTNs, as represented on Figure 8.
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